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Abstract—This paper presents Ego-Centric Intersection-
over-Union (EC-IoU), addressing the limitation of the standard
IoU measure in characterizing safety-related performance for
object detectors in navigating contexts. Concretely, we propose
a weighting mechanism to refine IoU, allowing it to assign
a higher score to a prediction that covers closer points of
a ground-truth object from the ego agent’s perspective. The
proposed EC-IoU measure can be used in typical evaluation
processes to select object detectors with better safety-related
performance for downstream tasks. It can also be integrated
into common loss functions for model fine-tuning. While geared
towards safety, our experiment with the KITTI dataset demon-
strates the performance of a model trained on EC-IoU can be
better than that of a variant trained on IoU in terms of mean
Average Precision as well.

I. INTRODUCTION

Object detection is an essential function in robot per-
ception and navigation. Thanks to emerging learning-based
algorithms and pipelines, object detectors have achieved
unprecedented performance and have been applied in many
application domains [1]. Nevertheless, some of the appli-
cations, especially those bearing safety criticality, seem to
meet certain challenges when it comes to scaling, e.g.,
mass production and broad deployment of highly automated
vehicles in the autonomous driving industry. According to
industrial standards such as ISO 21448 (a.k.a. SOTIF) [2]
and ANSI/UL 4600 [3], one crucial yet seemingly lacking
factor is the implementation of leading safety-related per-
formance indicators. Having observed the potential gap, we
develop a safety-oriented measure for object detectors that
can better reflect the notion of safety and, thereby, alleviate
the challenges.

Typically, the Intersection-over-Union (IoU) measure is
used for comparing model predictions against ground truths
(taken as objects) [4]. It provides a good indication of the
model performance in common scene understanding applica-
tions. However, IoU focuses only on the absolute position of
the ground truth (i.e., being object-centric) and may be lim-
ited when the relative position between the ground truth and
the ego is crucial (e.g., in a driving context). Additionally,
studies have suggested that state-of-the-art object detectors
usually saturate at IoU’s around 0.7~1 [5]. It is sometimes
hard to further differentiate or improve these object detectors.
Hence, there is a need for a more fine-grained indicator to
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Fig. 1: A diagram showing our motivation. All blue and red
predictions have an IoU of roughly 0.7. However, the blue
ones should be prioritized to avoid potential collisions at the
front of the objects from the angle of the (red) ego car.

distinguish such saturating models and predict which will
incur fewer safety concerns during system operations.

Our key contribution, thus, is the proposal of a refined
measure, Ego-Centric IoU (EC-IoU), taking into account the
ego’s position when assessing a prediction against its ground
truth. By doing so, the potential safety (or danger) of the ego
and the object can be better reflected. To illustrate, given two
predictions in the vicinity of ground truth, the one that covers
a portion of the ground truth closer to the ego agent should
be assessed as better. Fig. 1 depicts the concept. Technically,
we start with a weighting function that assigns different
levels of importance to different points in a ground truth;
the closer to the ego, the more important. The weighting
function is then incorporated into the formulation of IoU,
resulting in the proposed EC-IoU. As finding the areas in IoU
involves Green’s Theorem and the weighted version of which
becomes hard to solve, we further present an approximation
scheme for computing EC-IoU via the Mean Value Theorem.
We validate the approximation against the original curve
computed by Monte Carlo integration and show it has the
same time complexity as IoU.

EC-IoU can be used easily in common object detector
evaluation pipelines. We incorporate it into two types of
protocols, represented by the nuScenes [6] and KITTI [7]
benchmarks!. Our evaluation of several state-of-the-art mod-
els hosted on the MMDetection3D platform [8] reveals that
while achieving good accuracy (e.g., in terms of IoU),
some of them may exhibit safety concerns. Furthermore,
we utilize EC-IoU to train and fine-tune a model for more
explicit safety awareness. While doing so, the optimization

IThe utilization of the nuScenes and KITTI datasets in this paper is
for knowledge dissemination and scientific publication and is not for
commercial use.
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results show that our model also achieves higher mean Aver-
age Precision (mAP), the most widely used accuracy-based
performance indicator, compared to an IoU-based-variant.
Altogether, our work puts forth a novel instantiation of
concretizing safety principles in the development of learning-
based object detectors.

II. RELATED WORK

Object detection has been a long-standing research field,
where readers may refer to recent surveys for a comprehen-
sive overview of common sensors, detection algorithms, and
available benchmarks [1], [9], [10]. We focus here on the
evolution of the localization/regression branch.

Early approaches for object detection apply handcrafted
filters to match patterns and locate objects in the input [11],
[12]. Since the “deep learning era," studies have considered
various loss functions to regress model predictions towards
ground truths via gradient descent. The earlier ones, such
as the RCNN family [13] and SSD [14], are based on L,
or Ly norms, computing the numerical discrepancies in the
object representing parameters (e.g., position, dimension, and
orientation). Such approaches, however, result in normaliza-
tion issues and ignore the spatial characteristics of the task.
Therefore, later studies proposed IoU [15] and Generalized-
IoU [16] as the metrics and loss functions directly. More
recently, they are augmented with regularizing terms and
extended into Distance-IoU [17] and Efficient-IoU [18] loss
functions, achieving higher accuracy and faster convergence
during training. Lastly, similar to Focal Loss [19] for object
classification, Focal-Efficient-IoU [18] and Alpha-IoU [5] are
proposed to find the effective samples and further improve
the learning outcome.

The aforementioned results mainly fall into the scope of
making the training more efficient and the object detec-
tor more accurate. Holding slightly different perspectives,
some other studies have formulated considerations beyond
accuracy. For instance, Waymo proposed the LET-3D-AP
(Longitudinal-Error-Tolerating 3D-Average-Precision) met-
ric, a relaxed evaluation protocol for camera-based object
detectors considering their tendency to have larger longitu-
dinal errors for objects at further distances from the ego
vehicle [20]. Focusing more on safety, the company sug-
gested SDE (Support Distance Error), calculating absolute
localization errors with reference to the ego vehicle’s driving
direction [21]. Nonetheless, SDE was tailored for lidar-based
models. More generalizable safety-oriented metrics can be
found in [22], [23], [24], in which model processing time and
individual object importance (based on distances or expected
time-to-collision) are taken into account. Still, in these works,
when assessing predictions at the low level, only the ordinary
IoU measure is used. Our work thereby complements these
proposals with a more fine-grained measure.

Finally, in terms of model compensation or refinement,
the literature offers several proposals, e.g., robust learning
against feature-level perturbations [23] and 2D bounding
box post-processing based on worst-case analysis [25] or
statistical approaches such as conformal prediction [26]. As

we shall see, our work distinctively addresses 3D object
detection using the bird’s-eye-view (BEV) representation,
which composes a more direct link with the downstream
planning functions. We also amend the state-of-the-art loss
functions (as mentioned above) with the proposed EC-IoU
measure to achieve higher safety potential.

III. PRELIMINARIES

In this work, we follow the common practice of rep-
resenting ground truths and predictions with 2D oriented
bounding boxes in driving contexts [27]. Assuming the ego
at the origin O(O 0), a ground truth is normally annotated

as a tuple G« (xc;,yc;,lc;,w(;,eg), where zg and yg
are the center coordinates, /g is the length (parallel with
the x-axis when the orientation of the box is 0), wg is

the width, and fg the orientation. Similarly, a prediction,
made by the object detector, can be represented by p

(zp,yp,lp,wp,0p).

For evaluating model predictions, we use P C R? and
G C RR? to denote the 2D polygons (or, essentially, oriented
bounding boxes) of the prediction P and ground truth G
Technically, P and G can be reconstructed from P and G
through their corners. Then, the IoU measure is given as:

Area(P N G)
Area(G) + Area(P) — Area(P N G)’

where P N G is the intersection of P and G, and

)://DldA, )

for a polygon D C R2. In the case of an oriented bounding
box, the area can be simply calculated with its dimensions
given in the tuple representation, e.g., Area(P) = lp x
wp. As for general polygons (e.g., P N G), there exists
the Shoelace Formula to calculate their areas with their
vertices’ coordinates, which can be obtained through modern
algorithms and software packages such as Shapely [28].

To illustrate, in Fig. 1, all the predictions (including the
blue and red ones) have an IoU of roughly 0.7 with respect
to their corresponding ground truths. Still, as introduced, IoU
only characterizes object-centric relations between the pre-
dictions and the ground truths generically. We now propose
the EC-IoU measure, which additionally considers the ego
position to better reflect the tendency of collisions in case of
imperfect predictions around the ground truths.

loU(P, G) & (1)

Area(D

IV. THE EC-IoU MEASURE

Overall, our approach is to first define safety-critical points
in a ground truth and then check how well a prediction covers
these safety-critical points.

A. Safety-critical weighting for a ground truth

To characterize safety-criticality for a ground truth G, we
start with a distance-based weighting function:
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where (z,y) € G is a point within the ground truth, p(z,y)
denotes the Euclidean distance from the point (x,y) to the
origin (i.e., the position of the ego vehicle), and o > 0 is a
tunable parameter for adapting the basic weighting factor.
Essentially, the function in Eq. (3) weighs each point of the
ground truth according to its distance to the origin. The closer
the point is to the origin, the higher its weight, symbolizing
its safety-criticality. The weights of different points are
normalized with the ground truth center’s distance so that
all ground truths’ centers have an equal weight of 1. Using
Fig. 1 as an example, for the pedestrian Gpeq, the truck
Giruck and the car Gear, We have wa, .4 (TG peqs YGpea) =
WGtk (TG iruecr YGtruen) = WGear (TGearr YGear) = 1. In
effect, the normalization aligns the weights for all ground
truths, as our goal is to rank predictions around a specific
ground truth, instead of ranking different ground truths. In
addition, it brings an implicit property: As a ground truth
gets farther from the origin, the weighting function has less
influence on it. We elaborate on this in the following lemma.

Lemma 1: Given a ground truth G represented by
(ze,vya,le, wa,0c) with WG and wg being its maximum
and minimum weights, if p(zg,yg) — oo, then wg =
wag = 1.

"~ Proof: Let (7,7) € G be the point such that V(z,y) €
G : wg(T,y) > wa(z,y), ie., wa(T,y) = wg. Now, with
the center (zq,yq), the point (Z,7), and the origin (0, 0),
we can write the triangle inequality as:
p(ra,ya) < p(T.7) + plrc —T,yc — )

< p(f,ﬂ) + p(lG/27 wG/2)7
where p(xg — T,yg — ¥) equals the distance between the
center (xq,yc) and the point (Z, %), which is guaranteed to
be smaller or equal to the distance between the center and
the corner of the rectangle, i.e., p(lg/2, wa/2).

Then, considering the ground truth has constant dimen-
sions g and wg, we can rewrite Eq. (4) into:

“4)

p(ra,yac) = p(T,Y) +c, 4)
where c is a constant with 0 < ¢ < p(lg /2, wg/2). Finally,
taking the definition in Eq. (3), we obtain:

lim G = lim
p(za,yg)—o0 plra,yg)—o0
lim
p(za,ya)—oo |

_ li [ P(QCG,Z/G) :|a
= im _
pleayc)—oo [ p(Ta,ya) — ¢ (6)

[p(zc,yc) ] “
p(Z,Y)

- . a
= lim —_—
p(raye)—oo | 1 — o=y

_ C
L p(za,ya)

1 [e3%
=|—| =1=1.
1-0

Similarly, it can be shown that lim, ;¢ yo)scowa = 1. B

In other words, a ground truth near the ego will have
a larger weight difference between its closest and farthest
points, corresponding to the safety notion that nearer objects
should be handled with more care.

B. Formulation of the EC-loU Measure

With the presented weighting function, we now define
our Ego-Centric Intersection-over-Union (EC-IoU) measure,
which shall give a score to a prediction P based on the
safety-criticality (i.e., importance) of its overlap with a
ground truth G:

EC-loU(P, G)
def Weighted-Areag (P N G) (7
" Weighted-Areag (G) + Area(P) — Area(P N G)’

where

Weighted-Areag (D) = // wa(x,y)dA, (8)
D

for a polygon D C G. To explain, Weighted-Areag (D)
is the importance-weighted area of a polygon (within the
ground truth) defined as the sum of the point weights therein.
Then, to reflect safety-criticality in the relation between P
and G, we compute such importance-weighted area for their
intersection and divide it by the weighted area of the ground
truth itself (which is the maximum that the intersection can
achieve). Lastly, similar to the ordinary IoU measure (1), we
keep the term Area(P) — Area(P N G) in the denominator
to avoid an excessively large prediction.

With the proposed formulation, EC-IoU has two useful
properties. Firstly, it is contained within the range [0, 1].
Secondly, it maximizes at 1 if and only if a prediction is
perfectly aligned with a ground truth. The following lemmas
prove them, respectively.

Lemma 2: Given a ground truth G and an arbitrary pre-
diction P, 0 < EC-loU(P,G) < 1.

Proof: Since PNG CP,
Area(P) — Area(PN G) > 0. 9

With Weighted-Areag (P N G) > 0 and
Weighted-Areag (G) > 0, the numerator in (7) is always
larger than or equal to 0, and the denominator is always
larger than 0. Hence, EC-loU(P, G) > 0.

Additionally, since PN G C G,

Weighted-Areag (G)—Weighted-Areag (PNG) > 0. (10)
We combine it with (9):
Weighted-Areag (P N G) — Weighted-Areag (G)

11
<0< Area(P) — Area(PNG). (b
Then, with a rewriting:
Weighted-A PNG
eighted-Areag ( ) (12)

< Weighted-Areag (G) + Area(P) — Area(P N G) .

Finally, dividing both sides by the right-hand side and consid-

ering it is always larger than 0, we have EC-loU(P, G) < 1.

u

Lemma 3: Given a ground truth G and a prediction P,
EC-loU(P,G)=1 <— P =G.

Proof: We first prove the left implication («<). With

P = G, we have Area(P) — Area(P N G) = 0 and
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Weighted-Areag (P N G) =
fore,

Weighted-Areas (G). There-

Weighted-Areag (GQ)
Weighted-Areag (G)

EC-oU(P,G) = —1. (13

Now, we prove the right implication (=) by contradiction.
Given EC-loU(P, G) = 1, we have

Weighted-Areag (P N G) — Weighted-Areag (G)

14
+Area(PNG) — Area(P) = 0. 19

With Eq. (9) and Eq. (10), we arrive at
Weighted-Areag (P N G) = Weighted-Areag (G), (15)
Area(P) = Area(P N G). (16)

Then, assuming P # G, we see that Eq. (15) holds only
when G is contained by P (i.e., G C P), and Eq. (16)
holds only when P is contained by G (i.e., P C G). Clearly,
these two cases never take place at the same time, leading
to EC-loU(P, G) < 1, which contradicts the given premise.
Hence, if EC-loU(P,G) =1, then P = G. [ ]

The two properties shown above make EC-IoU an eligible
measure that quantifies the quality of predictions within
the range [0, 1] and secures the highest score for the best
prediction. In the remaining part of the section, we show
that, as opposed to IoU, EC-IoU characterizes our goal to
rank a prediction higher if it overlaps with a more important
portion of the ground truth from the ego’s perspective.

Lemma 4: Given a ground truth G and two predictions P,
and P, having the same size, i.e., Area(P1) = Area(P»),
and the same IoU with the ground truth, i.e., loU(P1,G) =
loU(P2, G), if EC-loU(P1,G) > EC-loU(P2, G), then
Weighted-Areag (P1NG) > Weighted-Areag (P2 NG) and
Jlpina P(2,9) dA < [[p,nq Pz, y) dA.

Proof: Since Area(P1) = Area(P3) and loU(P1,G) =
loU(P5, G), based on the definition of IoU in Eq. (1), one
can derive that Area(P; N G) = Area(Py N G). There-
fore, Weighted-Areag (G) + Area(P1) — Area(P1 N G) =
Weighted-Areag (G) + Area(P3) — Area(P2 N G), i.e., the
denominator in Eq. (7) is the same for P; and Ps. Then,
since EC-loU(P1,G) > EC-loU(P3, G), it follows that
Weighted-Areag (P1 N G) > Weighted-Areag (P2 N G) at
the numerator.

Then using the definition of Weighted-Areag () and
-,+), we obtain:

//m ] e LT

Eliminating the positive constant p(xg,yc)® and con-
sidering o« > 0, we reach [[p op(z,y)dA <

fszﬁG P(%y) dA. [ |

In layman’s terms, compared to prediction P5, predic-
tion P; with a higher EC-IoU score collects more of the
important points in the ground truth. Fig. 2 provides an
illustration, in which two predictions P; and P5 attempt

(z,y)

The x-y plane in birds-eye-view (%21, Y21) (X245 Y24)

° °
P,
(X6, Yo)

[ L ]
(X22, ¥22) (%23, ¥23)
E. (%11, Y19 (%14, Y14)

°

Py ,
G
©,0) . °

(X12, Y12) (%13, Y13)

Fig. 2: An example showing a prediction P; will be favored
by EC-IoU over another prediction P, thanks to its better
coverage on the safety-critical portion of the ground truth
G. As depicted by the gradient effect in G, safety criticality
is defined based on point distances to the origin; the darker,
the more critical.

to match the ground truth and reach the same IoU. However,
by considering the relative position of the ground truth with
respect to the ego agent and, thereby, the proposed weighting
mechanism wg(z,y), we enable EC-IoU to favor the blue
box (prediction P;) over the red one (prediction P5).

One remaining challenge, however, is the computation of
the weighted area of a polygon defined in Eq. (8). Unlike
the area of an unweighted polygon in Eq. (2), which can be
obtained by the closed-form Shoelace Formula via Green’s
Theorem, the weighted extension is hard to compute due
to the variable weights and area boundaries (i.e., integral
with variable limits). Hence, in the following, we introduce
a method to efficiently approximate the weighted area of a
polygon and, accordingly, the EC-IoU measure.

C. Computing Weighted Areas and EC-lIoU

The weighted area in Eq. (8) is essentially an integral
of the weighting function over a variable region, which
is hard to derive into a closed-form expression. Generally,
one can employ numerical methods such as Monte Carlo
integration to compute such integrals. Our approach, inspired
by the Mean Value Theorem, is to decompose the weighting
and the calculation of the region’s area. Essentially, the
Mean Value Theorem provides that for a convex polygon D,

F(Zm, ym) € D:
=// wa(z,y) dA

c(Tm, Ym) // 1dA

= wa(Tm, Ym) - Area(D).

Weighted-Areag (D)
(18)

Finding (z,,yn) for weighting, unfortunately, is also
highly non-trivial. Henceforth, we compute an approximation
of such a mean weight wg (%, ym) by considering the
nature of the convex polygon D. Effectively, we weigh the
vertices of D and then find their central tendency, for which
typical choices include the arithmetic mean and geometric
mean. As the former is more suitable for cases where the
underlying values do not differ drastically, we propose to
use the latter to keep the result less sensitive to outlying
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Fig. 3: IoU and EC-IoU with various «, computed using the
geometric mean, for predictions centered along the x-axis.
We assume the ego vehicle is located at x = 0 and the ground
truth G at * = 10. The blue box depicts a prediction P
centered at © = 7.

vertices in the case of larger ground truths. Formally, it is
defined as:

m (1/m)
wep 2 (ch(w?w?)) , (19)

i=1
for a polygon D with m vertices. Taking again Fig. 2
as an example, for the vertices of P; N G and P> N G,
their weights follow weg(z1;,¥y1:) > wa (2, y2:), Where
i =1,2,3,4. Therefore, applying the geometric mean (or the
same interpolation scheme) to the vertex weights of P1 NG
and P, N G leads to wg p,ne¢ > wa,p,ng and, hence,
Weighted-Areag (P1 N G) > Weighted-Areag (P2 N G).

As such, we can compute EC-IoU using wg.p as an
approximation to wg(Zm,Ym). Fig. 3 illustrates a simu-
lated result where we create a ground truth vehicle G =
(10,0,4,2,0) and shift a prediction of the same dimension
from (5,0) to (15,0), assuming the ego at (0,0). As shown,
EC-IoU curves are higher than IoU for xp € [6,10) and
lower for xp € (10, 14]. This indicates that, when compared
to IoU, EC-IoU gives higher scores for predictions closer
to the ego and discourages farther ones. The difference
increases with larger values of a.

While the EC-IoU in Fig. 3 is computed using the geomet-
ric mean, we take the extreme o« = 8 case and demonstrate
in Fig. 4 the result of applying the arithmetic mean as well
as the original curve generated by Monte Carlo numerical
integration. The result illustrates the approximations with
the geometric and arithmetic mean lead to highly similar
curves and the error of the geometric mean is overall smaller.
Finally, we note that using approximation may occasionally
lead to cases where the computed EC-IoU exceeds 1. We
observe such cases when setting > 16 in Eq. (3), for which
we simply clamp the EC-IoU value so that the computed
result remains within [0, 1].

D. Complexity and Usage

In this final subsection, we analyze the time complexity
of computing EC-IoU briefly and describe how it can be

1.09

0.8 1

0.6

EC-loU

0.4 4

0.2 1

0.0

Fig. 4: For EC-IoU with o = 8, under the same configuration
as Fig. 3, we compare the curves produced by (1) geometric
mean approximation (Geom), (2) arithmetic mean approx-
imation (Arim), and (3) solving the original function via
Monte Carlo numerical integration (Num) with 6000 random
samples for every prediction centered at x.

integrated into general model evaluation and optimization
pipelines.

Given n pairs of prediction P and ground truth G, the
ordinary IoU computation involves several steps. First, it
starts with finding the vertices of P N Q, which is at the
worst case O(n?) for modern algorithms [29]. Then, it sorts
the vertices in order, taking another O(nlogn) for well-
known techniques (e.g., merge sort). Lastly, as mentioned,
Shoelace Formula can be applied to attain the area within
O(n). Considering now the additional weighting step for EC-
IoU, i.e., Eq. (19), only another O(n) is needed because there
are at most 8 intersecting vertices for each pair of prediction
and ground truth and the weighting of a point takes constant
time. As a result, the overall computation time of EC-IoU
should be comparable to that of IoU.

EC-IoU can be employed in typical object detection eval-
uation protocols in two straightforward ways. First, similar
to the nuScenes true-positive metrics [6], it can be used as a
direct metric when assessing matched pairs of predictions
and ground truths. Second, for protocols that match pre-
dictions and ground truths through IoU-based affinity, e.g.,
the KITTI benchmark [7], EC-IoU naturally provides an
additional option and leads to weighted Average Precision
(AP) metrics for safety characterization. Correspondingly,
to improve such safety-oriented performance explicitly, EC-
IoU can be integrated into common loss functions for model
optimization. For example, considering the vanilla IoU [15]
and the more advanced DIoU [17] and EloU [18],

def
Lip/eyou :=1—1oU+ R p/E}ious (20)
we adapt them with EC-IoU:
def
Lec{-/D/E}IoU ‘=1 — EC-loU + R{./p/E}I0US (21)

where {-/D/E}loU denote the three cases IoU, DIoU, and
EloU, and R{./p/Eyiou their respective regularization terms.
In Eq. (20) and Eq. (21), the notations for the prediction P
and the ground truth G are omitted for simplicity, and we
take a = 1 in the EC-IoU-variants.
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Finally, we note that for benchmarks supporting annota-
tions with 3D bounding boxes (i.e., having the z coordinate
and height h along the gravity axis in addition to the 2D
representation tuple given in Sec. III), EC-IoU can also
be extended into 3D cases. Concretely, since the weighting
mechanism does not concern the gravity axis, we simply
multiply (weighted) areas with their heights to get volumes
and compute the 3D measure. In consequence, we can ad-
dress both BEV and 3D scenarios, as shown in the following
experiments.

V. EXPERIMENTAL RESULTS AND DISCUSSIONS

This section presents and discusses our experimental re-
sults, with both synthetic and real-world datasets.

A. Benchmarking EC-loU-Based Loss Functions

We begin with a sim-
ulation experiment to in-

12
spect the EC-IoU-based loss 10 [@]

functions and their counter- /
parts. Similar to the prior >

art [17], [18], we create an- @
chors and targets on the z-y

plane and simulate a bound- efeiig
ing box regression process. R SR S—
As shown in Fig. 5, 6 tar- X

gets are placed at (6, 6) with
different dimensions (({, w)
being (1,1), (2,1), or (3,1)) and orientations (¢ being 0 or
m/4). Then, 13 x 13 points are sampled grid-wise within a
6-by-6 square centered at (6,6). Each point marks a set of
3 x 3 anchors, generated by the combination of three aspect
ratios ((1,1), (2,1), and (3, 1)) and three scales (0.5, 1, and
2). With the setup, we optimize the anchors towards the
targets one at a time via gradient descent with 180 iterations,
resulting in 9x6x 1313 = 9626 regression cases. Finally, the
process is repeated for all six loss functions given in Eq. 20
and Eq. 21. For pseudocode of the optimization process,
readers may refer to [17], [18].

In Fig. 6, we plot the performance of all six loss functions
in terms of IoU and EC-IoU scores (with o« = 4) across
the 180 iterations. Three key observations are extracted as
follows: (1) In EC-IoU assessment, the proposed EC-IoU-
based loss functions, especially Lgg_piou, retain higher scores
than the baselines throughout the optimization process. We
note that the basic Lgg. oy performs only marginally bet-
ter than Loy here and conduct an ablation of them in
Sec. V-C. Still, while it is possible that IoU-based optimizer
achieves with more iterations a good EC-IoU (when the
anchors finally arrive at the targets), using EC-IoU-based
ones boost the score faster. (2) In IoU assessment, the EC-
IoU-based loss functions achieve comparable performance
with the benchmarks, although they exhibit certain jumps
during optimization. These jumps of EC-IoU-based loss
functions in IoU scores are likely caused by the nature of the
functions. Referring to Fig. 3, when a prediction is optimized
by EC-IoU asymptotically to the target from the left, i.e.,

o

Fig. 5: Simulation setup.

0.8 0.8
== loU
0.7 DloU 0.7
0.6 -
0.5

g 0.4

EC-loU-4
o o
=

e s

0.3

0.2

0.1

0.0 0.0
0 60 120 180 0 60 120 180
Iteration Iteration

Fig. 6: The optimization results of the proposed EC-IoU-
based loss functions and their counterparts.

xp € [9,10], the ToU score increases drastically with its
steep profile. From the other side, i.e., zp € [10,11], as
the EC-IoU profile itself is steep and the gradient is large,
the IoU score will be quickly lifted also. Hence, the jumps
are not caused by learning instability but by the underlying
functions. (3) With the EC-IoU curves reaching 0.6~0.8
differently, Fig. 6 confirms that it can better differentiate
models that have saturating and similar IoU scores (= 0.5).

B. Real-World Object Detector Evaluation

We now extend our experiment with real-world
datasets, first evaluating popular object detectors using
the nuScenes [6] and KITTI [7] benchmarks.

1) nuScenes: As described in Sec. IV-D, having matched
the predictions to the closest ground truths, nuScenes com-
putes the NuScenes Detection Score (NDS) and a set of True-
Positive (TP) metrics such as translational and rotational
errors [6]. As such, IoU and EC-IoU can naturally be two
extra metrics to reflect the overall spatial relation between
predictions and ground truths.

For implementation, we utilize the MMDetection3D plat-
form [8] and test top-performing models, including two
lidar-based and two camera-based ones. Tab. I summarizes
the evaluation results in NDS and the TP IoU and EC-
IoU of three object classes, “car,” “truck," and “pedestrian."
The results show that both IoU and EC-IoU are positively
correlated with NDS. Notably, from all models, we see a
substantial drop in EC-IoU, compared to IoU, for “truck".
This implies that EC-IoU offers an additional assessment
dimension that signifies if a specific class is undermined in
terms of safety, In this case, “turck" is the outstanding class,
potentially due to its larger size being difficult to properly
cover from the ego’s angle. Accordingly, one should take
mitigations, e.g., by enlarging the predictions with a certain
factor [25], [26].

2) KITTI: Different from the neScenes benchmark, KITTI
first matches the sets of predictions and ground truths
using IoU with predefined thresholds and then calculates
the standard AP by counting true-positive and false-negative
predictions [7]. We supplement IoU with EC-IoU in this
process, resulting in a parallel EC-AP metric. Essentially, by
doing so, predictions not achieving sufficient EC-IoU will be
directly removed, and the ones with higher EC-IoU will be
preferred during matching.

We focus on two popular camera-based models that are
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Fig. 7: Qualitative results of fine-tuning PDG [30] using the KITTI dataset [7]. Each of the two scenes consists of (upper
left) red predictions by Loy, (lower left) blue predictions by Lgc.ou, and (right) a BEV examination of the scene with both
red and blue predictions as well as gray ground-truth boxes. The left scene demonstrates a case with more proper object
coverage, whereas the right shows the possibility of further aligning the predictions towards the objects.

TABLE I: Model evaluation results in the nuScenes dataset [6] (Ped.=Pedestrian). The truck class has substantially lower
EC-IoU scores from all models, indicating the difficulty of capturing it fully from the ego’s point of view.

. Car Truck Ped.
Model Modality | NDS i —0—Ferio0 T ToU | EC-ToU | ToU | EC-ToU
SSN 317 Tidar | 4549 [ 074 | 073 [ 074 | 061 | 053] 034
CenterPoint [32] | Lidar | 5432 | 076 | 074 | 075 | 067 | 054 | 056
FCOS3D [33] Camera | 3083 [ 0.60 | 061 | 068 | 033 | 021 | 023
PGD [30] Camera | 3149 | 062 | 066 | 071 | 053 | 023 | 025

TABLE II: Model evaluation and fine-tuning results in the KITTI dataset [7] (Ped.=Pedestrian; Std.=Standard). Generally,
the results from EC-IoU loss are not only safer in terms of EC-AP but also more accurate in terms of standard-AP.

T Ped. APA0@03 Car APA0@035 mAPA0
Model Modality | —g——F¢ Sid. BC Sid. EC
SMOKE [34] | Camera | 357 | 465 | 1202 16.53 535 748
PGD [30] Camera | 42 | 559 | 12.82 14.48 5.93 7.23

TFLou T C Camera | 3.72° | 4.45 7| 1358 | 1795 (+23.6%) [ 7.21 | 936 (+29.5%) ~
+ Leoou Camera | 45 | 526 | 14.63 | 18.45 (+27.4%) | 7.42 | 10.07 (+39.3%)

available on the MMDetection3D platform [8], including
SMOKE [34] and PGD [30]. The results are organized in
the upper two rows of Table II. Due to the small number
of samples, we do not report the “cyclist” class. For “pedes-
trian" and “car," we follow the official protocol to use strict
thresholds (0.5 and 0.7, respectively) and report AP40 of the
moderate category [7].

From Table 11, we see that the more advanced PGD indeed
achieves higher scores than SMOKE mostly. However, for
the “car" class and the overall mAP, it has a lower EC-AP
score, as marked in italic font. This indicates that while PGD
can generally locate objects better than SMOKE, it does not
necessarily place its predictions ahead of the objects from the
ego’s point of view. Observing the phenomenon, we now
perform fine-tuning on PGD and discuss the result in the
following section.

C. Real-World Object Detector Fine-Tuning

For fine-tuning the PGD object detector, we apply the
EC-IoU loss function, Lgg.oy. As mentioned in Sec. V-
A, we also employ its counterpart Loy to benchmark their
performance. We do not use the DIoU or EloU variants, as
fine-tuning starts from a relatively well-performing model,
foregoing the necessity of strong regularization signals (as
well as potential noises).

For implementation, since the original prediction head of
the PGD object detector produces an image-based repre-

sentation of 3D bounding boxes, we append to it a trans-
formation function and attain the typical 3D representation
for all predictions, i.e., (zp,yp, zp,lp, wp, hp,Op). Then,
as introduced in Sec. IV-D, the 3D version of the EC-IoU
can be computed between the predictions and ground-truth
targets. Our optimization configurations (e.g., the learning
rate and data augmentation policy) follow the original PGD
work [30]. We conduct the fine-tuning for 6 epochs with a
batch size of 6 samples on an Nvidia RTX A6000 GPU.

Tab. II presents the best result in 10 runs. Lgg oy demon-
strates more substantial increases in most numbers, including
the standard mAP. In particular, it attains much higher EC-
AP for the “car” class as well as on average. Fig. 7 provides
qualitative results from two scenes. For most ground-truth
objects, the blue boxes given by Lgg.ou either cover the
objects more properly from the ego’s perspective or achieve
better alignment towards the objects.

Nonetheless, it is also noted in Tab. II that for “pedestrian,"
Lgc.ou delivers a lower EC-AP than the baseline, similar to
Loy in both standard AP and EC-AP. Such a performance
drop is speculated to occur due to the smaller object size
and a smaller number of instances in the dataset (4487
pedestrians vs. 28742 cars). Moreover, we recall that, based
on the weighting formulation in Eq. (3), EC-IoU tends to care
more about close objects and falls back to IoU for faraway
ones. Meanwhile, in real-world datasets, it is less common
to see close pedestrians than close cars, leading to the
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performance difference between the two classes. For future
improvement, EC-IoU may be combined with importance
weighting schemes at the object level to emphasize specific
classes or certain distance ranges (e.g., [23], [24]).

VI. CONCLUSION

In this work, we developed EC-IoU, a safety-driven assess-
ment approach that extends the existing ones such as IoU.
Given an object, when two predictions P; and P share the
same IoU value, P; with a higher EC-IoU value implies that
the predicted location is slightly closer to the ego vehicle,
thereby preventing the downstream planning algorithm from
safety surprises (i.e., an object is closer than expected).
We demonstrated the mathematical properties of EC-IoU
and, due to the intractability of a closed-form computation,
proposed a precise and efficient approximation based on
Mean Value Theorem. We conducted experiments with sim-
ulation and the representative nuScenes and KITTI datasets,
confirming our proposal’s advantage in explicit safety char-
acterization. On a broader scope, our work aligns with recent
investigations and flags a novel attempt to incorporate safety
principles into the design and evaluation of learning-enabled
algorithms. Moreover, it offers many avenues for exploration.
Apart from further evaluation, we consider making «, the
parameter controlling EC-IoU’s weighting mechanism, more
adaptive according to object distances or time-to-collision.
Another interesting direction is to use EC-IoU as an indicator
for online run-time monitoring.
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