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Zone Evaluation: Revealing Spatial Bias in
Object Detection
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Abstract—A fundamental limitation of object detectors is that they suffer from “spatial bias”, and in particular perform less satisfactorily
when detecting objects near image borders. For a long time, there has been a lack of effective ways to measure and identify spatial
bias, and little is known about where it comes from and what degree it is. To this end, we present a new zone evaluation protocol,
extending from the traditional evaluation to a more generalized one, which measures the detection performance over zones, yielding a
series of Zone Precisions (ZPs). For the first time, we provide numerical results, showing that the object detectors perform quite
unevenly across the zones. Surprisingly, the detector’s performance in the 96% border zone of the image does not reach the AP value
(Average Precision, commonly regarded as the average detection performance in the entire image zone). To better understand spatial
bias, a series of heuristic experiments are conducted. Our investigation excludes two intuitive conjectures about spatial bias that the
object scale and the absolute positions of objects barely influence the spatial bias. We find that the key lies in the human-imperceptible
divergence in data patterns between objects in different zones, thus eventually forming a visible performance gap between the zones.
With these findings, we finally discuss a future direction for object detection, namely, spatial disequilibrium problem, aiming at pursuing
a balanced detection ability over the entire image zone. By broadly evaluating 10 popular object detectors and 5 detection datasets, we
shed light on the spatial bias of object detectors. We hope this work could raise a focus on detection robustness. The source codes,
evaluation protocols, and tutorials are publicly available at https://github.com/Zzh-tju/ZoneEval.

Index Terms—Object detection, zone evaluation, spatial bias, spatial disequilibrium problem, spatial equilibrium learning.

✦

1 INTRODUCTION

O BJECT detection has shown impressive progress over
the past two decades [11], [62], [74], [75]. While the

optimization pipelines of object detectors are well-explored,
their behaviors in a local image zone remain a mystery. The
spatial robustness of a detector is especially fundamental
[83] as objects may appear anywhere and all of them should
be detected well. This is particularly important for safety vi-
sion applications, e.g., fire/smoke detection [37], [76], colli-
sion prevention in self-driving cars [5], [17], crowd counting
and localization [38], [80], [85], [108], weapon detection in
smart surveillance system [7], [70], and shoplifting detection
[48], etc., where the border zone occupies a large proportion
of the image area.

Unfortunately, the detectors are in fact unable to perform
uniformly across the spatial zones, commonly showing an
evident performance drop near the image border. This phe-
nomenon, which we refer to as “spatial bias”, is a natural
obstacle in object detection, yet somehow being ignored for
a long time by the detection community. Setting aside the
issue may result in serious safety hazards and the risk of
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Fig. 1. The traditional evaluation measures the detection performance
over the entire image zone, but it neglects the measurement of local
zone and can hardly reflect the spatial bias. Our zone evaluation (ZP,
the average precision constrained in the zone) compensates for these
issues, indicating a large performance gap between zones. The results
are reported by GFocal [54] on the VOC 2007 test set [25].

substantial property damage. For example, a fire detector
may be good at detecting fire in the central zone while
losing its ability to detect fires in the border areas of the
image. Such a fire alarm system is unreliable since the
central zone of the lens only occupies a small proportion of
the image area. Some of the recent breakthroughs in spatial
robustness of Convolution Neural Networks (CNNs) [4],
[12], [45], [103], edging towards that ever-elusive translation
invariance, have their basis for understanding how a small
image transformation (e.g., color jitter, translation) does im-
pact classification accuracy. It has been found that even for
the same object, the classifier can make completely different
predictions as its spatial position changes [45]. Beyond im-
age classification, we in this work, delve into spatial bias in
object detection, shedding light on the limitations of modern

https://github.com/Zzh-tju/ZoneEval
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Fig. 2. The detector is less sanguine in detecting border objects. The visualizations are reported by GFocal [54]. Zoom in for a better view.

object detectors.
It has been an open issue for years that there is a lack

of an effective way for measuring and identifying spatial
bias. The traditional evaluation, i.e., AP metric, measures the
detection performance over the entire image zone, which
provides nothing guided for the spatial robustness of de-
tectors, and one can hardly know where and how much
the performance drops. Therefore, an evaluation protocol
is particularly essential as it can provide the opportunity
to better understand the spatial bias and provide tools to
further build on methodology. To this end, we present a
systematic way, termed zone evaluation, to analyze whether
there is spatial bias in modern object detectors, and if so,
how much.

Specifically, we extend the traditional full-map evalua-
tion to a more generalized one. We calculate the common
Average Precision (AP) [59] within a designated zone, yield-
ing Zone Precision (ZP). During evaluation, only the boxes
whose centers lie in the zone are considered. With these
auxiliary metrics, we for the first time provide the numerical
results that explicitly reveal the object detectors are in fact
quite spatially biased across the zones. As shown in Fig. 1,
the ZP gap is 15.4 between the inner zone and the outer one.
Ostensibly, we can infer from this performance gap that the
detection ability seems to be highly related to the absolute
position of the object. However, this plausible conjecture
has fundamentally many inconsistencies in practice when
we shift the object in an image. We are unaware of any
satisfactory explanation for the performance drop in the
border zone (see Fig. 2). Thus, we would like to shed light
on the existence and the major source of spatial bias in
object detectors. Finally, we suggest a focus in future object
detection research: toward spatial equilibrium.

The contributions of this work mainly involve three ex-
ploratory experiments on spatial bias, one potential research
direction, and a comprehensive evaluation of modern object
detectors.

Does object scale play a key role in centralized zone
performance? (Sec. 4.1) Our answer is no. While large
objects appear relatively frequently in the central zone, we

observe that the zone performance remains quite uneven
across different zones when we largely eliminate the effect
of object scale. It is still difficult to forge a necessary connec-
tion between spatial bias and object scale.

Does the detector produce the centralized zone perfor-
mance according to the absolute spatial position of the
object? (Sec. 4.2) Our answer is no. The detection perfor-
mance is barely relevant to the spatial position of objects.
We observe that it can not statistically lead to an increase in
detection quality when the objects move to the central zone.

What will actually determine the spatial bias in object
detectors? (Sec. 4.3) Our analysis reveals strong evidence
that spatial bias is highly related to the discrepancy of
object data patterns between the zones. Specifically, there
is a distinction in object data patterns between the central
objects and the border objects. As a consequence, an object
could be better detected if it is sampled from a central-zone-
style data distribution rather than a border-zone-style one.

A new future direction: spatial disequilibrium problem.
(Sec. 5) The work takes a step further and presents a
practical issue that urgently needs to be addressed, namely,
spatial disequilibrium problem. In such a problem setting,
the object detector incorporates spatial equilibrium as one of
the important goals, which has vital significance to robust
detection. Facing this challenge, we also provide our first
attempt, spatial equilibrium learning, toward spatial equi-
librium object detection. (Sec. 5.2)

A comprehensive evaluation. (Sec. 6) We provide exten-
sive evaluation and comparison of several representative
object detectors. We reveal through experiments that 1)
Spatial bias is quite common in various object detectors
and datasets. 2) The spatial equilibria of detectors vary
significantly. In particular, we will show that the sparse
detectors perform better in the central zone, while the one-
stage dense detectors perform better in the border zone. 3)
The proposed spatial equilibrium learning is able to alleviate
the spatial disequilibrium problem.

The remainders are organized as follows: Sec. 2 briefly
reviews the study background. Sec. 3 presents zone evalu-
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ation. Sec. 4 studies the main origin of spatial bias. Sec. 5
introduces the spatial disequilibrium problem and proposes
spatial equilibrium learning to alleviate this issue. Sec. 6
gives extensive evaluations of zone evaluation and spatial
equilibrium learning.

2 BACKGROUND

2.1 Relationship with data imbalance problem
Let {X,G} = {xi, gi}ni=1 be a collection of sample-label
pairs, where each sample xi has a set of ground-truth labels
gi. The model training is conducted on the subset of {X,G},
and the network glances through the training set at each
training epoch. The data imbalance problems are usually
related to the inherent properties of {X,G}. In the literature
of object detection, there are mainly two widely discussed
imbalance problems.

The first one is class imbalance problem. In this case, the
sample X is composed of multiple subsets X1, X2, · · · , Xc

according to the class division, where the number of sam-
ples is imbalanced across c classes, thereby yielding a
long-tail distribution [55], [72], [87], [107]. The class imbal-
ance problem naturally causes imbalanced sampling dur-
ing training, hindering the classification performance for
those tail classes. Re-sampling strategies [42], [67] and cost-
sensitive learning [21], [110] are the mainstream paradigms
for class re-balancing.

The second is foreground-background sampling imbal-
ance. This imbalance is also derived from the data itself. A
large number of anchor points are tiled on the background
area, which are naturally sampled to be the negatives and
hence dominant the gradient flows. In this case, X can
be split into Xneg and Xpos, s.t., X = Xneg

⋃
Xpos. The

negative samples Xneg can be seen as the complementary
set of the positives Xpos, whose ground-truth labels are
“background” without bounding box annotations. The so-
lutions to this problem are similar, including re-sampling,
e.g., OHEM [79], Guided Anchoring [86] and IoU-balanced
sampling [73], as well as cost-sensitive learning, e.g., Focal
loss [58], GHM loss [51], and PISA [10].

In comparison, the spatial bias is also an obstacle in
object detection. Given this, we establish a novel spatial
disequilibrium problem for object detection. In this case, the
sample X can be divided into multiple subsets according
to the spatial zones, just like the class division. Gener-
ally speaking, spatial disequilibrium problem shares similar
characteristics to class imbalance problem. The difference
is that the latter has a long-tail distribution across classes,
while the former considers the uneven distribution of ob-
jects over spatial zones. And we will show in Sec. 5.1, that
the two problems are formally equivalent to each other.

2.2 Robustness in CNNs
It has been widely discussed that translation invariance is
not fully held by deep CNNs [4], [40], [45], [93], [103] since
they neglect the classical sampling theorem. A small image
transformation could cause dramatic changes in predictions,
thereby hindering the robustness of the classifier. Zhang
R. [103] analyzed the flaws of the max-pooling operator
and proposed to inject anti-aliasing for improving the ro-
bustness of deep networks. Lopes et al. [65] achieved a

better robustness-accuracy trade-off by presenting a patch
Gaussian augmentation.

Speaking of robustness over longer spatial ranges, recent
studies [3], [45] reveal that CNNs can exploit the absolute
positions of objects as additional information for image
classification. Islam et al. [39] further extended that CNNs
encode the position information based on the ordering of the
channel dimensions. In [18], a spatially unbiased StyleGAN2
[44] is proposed to tackle the distorted face generation
problem in the image border due to the photographer’s bias
in face dataset [43]. Gergely et al. [83] empirically identified
there is a drop in classification accuracy when shifting the
image to make the objects closer to the image border. Islam,
M. A. et al. [40] revealed that there is a boundary effect
on semantic segmentation, where the vehicle segmentation
quality shows a high correlation to the density of cars in a
region. Manfredi et al. [68] proposed a greedy approxima-
tion of AP variations by shifting the image by a few pixels
to measure the translation equivariance of object detectors,
but it inevitably requires several times the inference time
to complete the evaluation. In this work, we numerically
quantify the generalization ability of object detectors from
the perspective of the local zone for the first time, which
helps us better comprehend the existence and the discrete
amplitude of spatial bias. This offers a novel analysis tool
for the reliability of object detectors.

2.3 Evaluation from a local perspective

Evaluation from a local perspective has been widely demon-
strated to have benefits in image quality assessment (IQA)
[99] since the global evaluation is not aligned with the
human visual system (HVS) [29], [60], [61], [78], [91], [105].
A global value cannot reflect the spatially non-stationary
model capability. It can be dated to early research [66] in
1982 that the authors put forward a possible improvement
in quality measure if local rather than global measurements
were used. In IQA, a two-stage structure is commonly
adopted. In the first stage, image quality is evaluated locally.
The local measurement process typically produces a quality
map. To convert such quality maps into an overall quality
score, a pooling algorithm is applied in the second stage of
the IQA.

Wang et al. proposed Mean-SSIM [91] to obtain a spatial-
smooth measurement for image distortion assessment, the
key of which is to compute the local SSIM for every sliding
window, and then average. 3-SSIM [52] assigns different
weights for the edges, textures, and smooth regions. Larson
et al. [50] introduced a visibility-weighted local MSE to
determine perceived distortion, where the image is divided
into 16 × 16 blocks with 75% overlap between neighbor-
ing blocks. NIQE [69] index introduces patch selection to
focus on the informative image patches. Chen et al. [14]
proposed to use Landmark Distance (LMD) to focus on
measuring the quality of the synthesized lip movement. Sun
et al. [82] proposed weighted-to-spherically-uniform PSNR
(WS-PSNR) to deliver different weights for different pixels.
GMSD [94] exploits pixel-wise gradient magnitude similar-
ity to capture image local quality. Fan et al. [26] proposed
an S-measure for salient object detection, which first divides
the image into 4 square grids and assigns different weights
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to each local SSIM. Bosse et al. [8] attempted to use a CNN-
based approach for learning the local image quality. Some
methods [28], [31], [105], [106] incorporate saliency maps
into IQA metrics since the conspicuous location can help
predict the image quality perceived by human observers.
The local metrics are helpful for describing small details and
structural similarity between image patches.

Although the local evaluation has been popular for
decades in many assessment systems of computer vision
applications, it has not been fully investigated in ob-
ject detection. Most IQA methods are mainly for pixel
prediction tasks, e.g., image restoration [32], [56], [98],
salient/camouflaged object detection [27], [35], [109], and
image super-resolution [22], [47]. They cannot be directly
applied to instance prediction tasks, e.g., generic object
detection. Therefore, we propose zone evaluation to fill this
research blank. In addition, our work conducts a series of
heuristic experiments, which provide new insights for un-
derstanding the spatial bias of modern object detectors. We
also study several shapes of zone partitions in evaluating
object detectors (annular, strip, square), while previous IQA
methods pay little attention to this.

3 ZONE EVALUATION

In this section, we extend the traditional object detection
evaluation to a more generalized zone evaluation. Given a
test image I and a set of evaluation metrics M, the classic
evaluation methods simultaneously calculate the metrics for
all the detections and the ground-truths over the whole
image. The elements in M can be the COCO-style AP
(Average Precision) [59], mAP across 10 IoU thresholds, or
AP for the small/medium/large objects, which have been
widely used in object detection. These traditional metrics
measure the detection performance over the entire image
zone but consider nothing about the spatial robustness of
object detectors.

Zone metric. Let S = {z1, z2, · · · , zn} be a zone partition
s.t. I =

⋃
S
zi and zi ∩ zj = ∅, ∀zi, zj ∈ S, zi ̸= zj . We

measure the detection performance for a specific zone zi by
only considering the ground-truth objects and the detections
whose centers lie in the zone zi. Then, for an arbitrary eval-
uation metric m ∈ M, the evaluation process stays the same
as the conventional ways, yielding n zone metrics, each of
which is denoted by mi. We call mS = {m1,m2, · · · ,mn}
the series of zone metrics for the zone partition S.

Annular zones. In practice, the centralized photogra-
pher’s bias is ubiquitous in visual datasets [25], [49], [59],
[71], [77], [84]. If one aims at a detector with comprehensive
detection ability for all directions, the evaluation zones can
be designed into a series of annular zones:

zi,j = Ri \Rj , i < j, (1)

where Ri denotes a centralized region, which is given by:

Ri = Rectangle((riW, riH), ((1− ri)W, (1− ri)H)), (2)

where Rectangle(p, q) represents the rectangle region with
the top-left coordinate p and the bottom-right coordinate q.
W and H denote the width and the height of the image and
ri = i

2n , i ∈ {0, 1, · · · , n} controls the sizes of rectangles.

z0,1

z1,2

z2,3

z3,4

z4,5

Fig. 3. Definition of evaluation zone when n = 5.

An illustration of the evaluation zones can be seen in Fig. 3,
where n = 5. We denote the average precision (AP) in the
zone zi,j as ZPi,j . In this way, the traditional evaluation is
a special case in our zone evaluation as one can easily get
AP = ZP0,n.

Other zone partition. The traditional evaluation is flexible
to select different IoU thresholds for different application
scenarios. For those requiring precise box localization, a
rigorous IoU threshold can be selected, e.g., IoU = 0.75
(AP75). For those less requiring box localization, AP50 is
good enough. For example, rotated object detection methods
usually report AP50 [95], [96], [97]. Analogous to the AP
metric, users can flexibly design various zone partitions
based on their own applications. If the user cares about
the comprehensive detection ability for all directions, the
annular zone partition would be a good choice. If the user
cares about some regions of interest, the evaluated zones
can be customized. In Sec. 6, we will show the evaluation
results on two more special zone partitions. One is the strip
zones, i.e., 5 zones along x-axis and 5 zones along y-axis
(See Sec. 6.3 “Observations 3”), and the other is square
zones of 11 × 11 blocks (See Sec. 6.4 “Correlation with
object distribution”. Importantly, as the zone partition holds
consistently, the comparison among the detectors stays fair.
This property helps us observe the performance of different
detectors in the regions of interest so that we can choose
detectors based on practical application needs. In Sec. 6, we
will show that the sparse detectors perform better in the
central zone, while the one-stage dense detectors perform
better in the border zone.

Measuring the discrete amplitude for zone metrics. As
the detection performance varies across the zones, we fur-
ther introduce an additional metric to gauge the discrete am-
plitude among the zone metrics. Given all the zone metrics
mS for a specific zone partition S, we calculate the variance
σ(mS) of the zone metrics. Ideally, if σ(mS) = 0, the
generalization ability of the object detector reaches perfect
spatial equilibrium under the current zone partition. In
this situation, an object can be well detected without being
influenced by its data pattern. It is also worth mentioning
that spatial bias is an external manifestation of object
detectors, and the ZP variance can only reflect the spatial
equilibrium for the given zone partition. In other words,
there are three concepts as follows.

1) Let S be a zone partition, the spatial equilibrium of
the detector is good for S if σ(mS) is sufficiently small.

2) Let S1, S2 be two different zone partitions with n
zones. If σ(mS1) < σ(mS2), then the detector is considered
to be more spatially equilibrated in the way of zone partition
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Fig. 4. Mean ZP with various object scale ranges. One can see that for each range of the object scale r, the spatial bias is significant on the three
object detectors.

S1.
3) The detector has no spatial bias, indicating ∀S be a

zone partition, σ(mS) is sufficiently small.

4 DELVING DEEP INTO SPATIAL BIAS

In this section, we conduct exploratory experiments to clar-
ify the spatial bias about its existence and the major source.
We adopt three representative object detectors. The first one
is the popular one-stage dense object detector GFocal [54].
The second is the classic multi-stage dense-to-sparse object
detector Cascade R-CNN [9]. The third is the sparse object
detector Deformable DETR [111].

4.1 Study on object scale
From the definition of evaluation zones (Eq. (1)), one may
ask whether the object scale plays a key role in centralized
zone performance. In this experiment, the annular zone
partition is adopted as shown in Fig. 3. An object belongs to
zi,j if its central point coordinates are in zi,j . To eliminate
the effect of object scale, we restrict the zone evaluation
process in the objects with a similar scale. For each range
of object scale r, we select all the ground-truth boxes whose
areas are in the range of [0, r2], [r2, (2r)2], ..., [(kr)2,∞],
respectively, where the maximum endpoint of the scale is
set to kr = 256, and r ∈ {4, 8, 16, 32, 64, 128,∞}. Then, we
calculate the mean value of ZP over all the scales, which is
shown in Fig. 4. We observe that the spatial bias is significant
no matter how small the range of the object scale is chosen.
The ZP4,5 score continues to be the best and in contrast,
the ZP0,1 score is the worst. It shows a steeper drop-off in
performance as the evaluation zones get closer to the image
border. One can see that the performance gap between the
inner zone and the outer zone is consistently large, with
more than 10 ZP gap. This indicates that the centralized
spatial bias is probably not derived from the object scale
factor. For simplicity, we adopt all scales for zone evaluation
in the following experiments.

4.2 Study on the absolute spatial position of objects
As the zone performance exhibits a clear centralization
trend, one straightforward conjecture is that the spatial bias
is related to the absolute spatial positions of objects. The
object may be better detected if it is shifted to the central
zone, and reversely, be worse if it is in the border zone. To

32.7 31.1 31.1

29.6

30.6

27.8 28.5

28.9 29.3

(a) Sudoku-style dataset. (b) ZPs of 9 zones.

z11 z12 z13

z21 z22 z23

z31 z32 z33

Fig. 5. (a) The Sudoku-style dataset is constructed by regularly placing
all the objects of the test set on a 600 × 600 black image. (b) Zone
evaluation on GFocal (3× 3 grids).

analyze whether the spatial positions of objects play a key
role in their detection quality, we construct the Sudoku-style
dataset for object detection of the regularly placed objects
on a black 600× 600 image. The experiment is based on the
following 3 steps: (1) We first crop the objects from PASCAL
VOC 2007 test set [25], 14,976 objects in total. (2) All the
objects are scaled to a fixed size and placed in a 3 × 3 grid
manner. See Fig. 5(a). (3) To measure the detection quality
of each grid, the evaluation zones are defined as the same
3× 3 zones, denoted by zij , i, j ∈ 1, 2, 3. It can be seen from
Fig. 5(b) that the detector does not perform the best and
even the worst in the central zone z22. This phenomenon
is somewhat incompatible with previous observation in
[83], which analyzes the effect of shifting 100 images and
concludes that the detector may have a performance drop
when the objects close to the image border. However, when
we increase the number of samples up to more than 14K,
we observe that shifting objects to the central zone can-
not statistically eventuate an increase in detection quality.
Therefore, it is less discernible for the relevance between the
centralization tendency of detection performance and the
absolute position of objects.

Discussion: The conclusion of Fig. 4 is that the central
objects can be better detected than the border objects and it
is irrelevant to object scale, while the conclusion of Fig. 5 is
that the absolute position of the object (by object shifting) is
irrelevant to forming the centralized zone performance. We
ask: What will actually determine the spatial bias in object
detectors?
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4.3 Object data patterns between the zones

This subsection aims to investigate the origin of the cen-
tralized spatial bias in object detectors. Our inspiration
behind it is that the centralized spatial bias may come
from the differences of the object data patterns between the
zones. An object can be better detected if sampled from
a central-zone-style data distribution, and worse if it is
sampled from a border-zone-style one. The representation
of the object data patterns is very general [6], [16], [102],
and only a few adaptive modifications need to be made to
the detection pipeline, requiring only 1) the input image
I , 2) all the ground-truth boxes G, 3) a feature extractor
f : I → RM×H×W from a pre-trained object detector.
During inference, we crop the object features from f(I)
by using the ground-truth boxes, and then average the
feature values along the spatial dimensions. Each object is
represented by a M -dimensional feature vector g, which
encodes the object data patterns in high-dimensional space.
The number of zones is set to 2 in this experiment. We
denote the central zone as zin, which is a rectangle region
with top-left coordinate p = (0.25W, 0.25H) and bottom-
right coordinate q = (0.75W, 0.75H), where W and H are
the width and the height of the input image. The rest part
of the region is set as the border zone, denoted by zout. The
differences of the object data patterns between the zones are
represented as:

E((G1, u), (G2, v)) =
1

KCM

K∑
k=1

C∑
c=1

M∑
m=1

1k||ḡu,G1
m,c −ḡv,G2

m,c ||,

(3)
where ḡ denotes the feature representation center, u, v ∈
{zin, zout} represent the objects sampled from the central
zone or the border zone, as well as G1, G2 ∈ {Gtrain, Gtest}
represent the objects sampled from the train set or the
test set. The errors are calculated for each class and then
averaged. C is the total number of classes. An indicator
function 1k is also introduced to eliminate the effect of
object scale, which is 1 when the object scale is in one of
the range R = {[((k − 1)r)2, (kr)2]}

⋃
{[((K − 1)r)2,∞]},

k ∈ {0, 1, · · · ,K − 1}, and 0 otherwise. In a nutshell, E
measures the distance between the feature representation
centers of the four sets, i.e., the central/border objects from
the train/test set.

The results are reported in Fig. 6. For VOC, the train
set is VOC 2007 trainval, and the test set is VOC 2007 test.
For COCO, the train set is COCO train2017, and the test
set is COCO val2017. One can see that the objects sampled
from the same zone have significantly lower differences than
those sampled from different zones. Specifically, the central
objects of the test set are more similar to the central objects
of the train set, and the border objects of the test set are
more similar to the border objects of the train set. This
indicates that the object data patterns are actually distinct
across the zones, and the network is able to capture such
deviation. As illustrated in Fig. 7(a), the zone performance
is centralized on VOC 2007 trainval set, thus it naturally
inherits the same trend on the test set. More intriguingly, we
further visualize the detection performance on the Sudoku-
style dataset in Fig. 7(b-f), where the central objects and
the border objects are separated. It can be seen that the
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Fig. 6. Average error E((G1, u), (G2, v)) between the feature
representation centers. For instance, the blue bar denotes
E((Gtest, zin), (Gtrain, z

in)). The objects sampled from the same
zone have significantly lower differences than those sampled from
different zones.

detector can consistently perform better in detecting the
central objects no matter where they are. We notice that this
phenomenon holds for all the 5 datasets, including PASCAL
VOC, MS COCO, and 3 other application datasets (face
mask, fruit, helmet).

The above results confirm the intuition that the objects
would be better detected if they are sampled from the
central-zone-style data distribution, and be worse if they are
sampled from the border-zone-style one. This shows that
when we humans take photos, there is always a divergence
in the object data patterns between zones, though it is
imperceptible. When the lens are focused on the regions of
interest where objects are most likely to appear, it inevitably
leads to a decrease in the sampling frequency of objects in
the border zone, resulting in sub-optimal performance.

5 SPATIAL DISEQUILIBRIUM PROBLEM

Thus far, we have shown the existence and the major source
of spatial bias. The sub-optimal performance in the border
zone impedes the robustness of detection applications. In
this section, we introduce the new spatial disequilibrium
problem for object detection.

5.1 Problem definition
Denoting S be a zone partition, mS be a series of zone
metrics, and σ : Rn → R be a variance calculation, the
spatial disequilibrium problem is defined to minimize the
variance of the zone metrics:

min
Θ

σ(mS |Θ), (4)
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size of prediction maps for each class, whereas, in the right diagram, the object density is the ratio of the number of objects and the size of zones
for each zone. The spatial disequilibrium problem is formally equivalent to the class imbalance problem.

where Θ is the set of network parameters of the detector.
The general goal of facilitating spatial equilibrium is pri-
marily decided by which zone partition to use, which is
application-oriented. Thus, for different application scenar-
ios, the zone partition can be customized.

Disucssion: The spatial disequilibrium problem is formally
equivalent to the class imbalance problem. We denote the objects
in the zone zi as Xi

obj . The density of objects for a given zone
zi can be represented as di = |Xi

obj |/|zi|. Intuitively, higher
density indicates more positive samples, thereby generating
a larger gradient flow on the zone. It is analogous to the class
imbalance problem which has a long-tail distribution among
the classes, as shown in Fig. 8. Specifically, the classification
branch predicts the class scores which is a C × H × W

tensor. The density of the c-th class is represented as the ratio
dc = |Xc|/(H ×W ), Xc is the object of the c-th class. Since
H × W is a constant, it is equivalent that all the samples
of a class are placed in a zone with an identical area. Then,
each class has a single H ×W zone for model learning and
is disjoint among classes. In Fig. 9, it can be seen that both
problems are subject to a long-tail distribution. Due to that
fact, the zone performance may also be correlated to the
supervision signal strength in the zone. A simple approach
is to enlarge or reduce the supervision signal strength for
the zones so that the network reaches a new convergence
state. Here we plug a new parameter β into label assignment
algorithm [104]. An anchor is assigned to be a positive
sample if its IoU is larger than αpos + β ∗ 1z , where αpos is
the positive IoU threshold, 1z is 1 if the central point of this
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border zone, and reversely, be anti-centralized if the supervision signal
strength is reduced in the central zone.

anchor lies in the zone z and 0 otherwise. Thus, the number
of the positive samples |Xi

pos| decreases when β increases.
We visualize the relative ZP in Fig. 10, where all the ZPs

are subtracted by ZP0,1. One can see that the centralized spa-
tial bias can be further aggravated if we weaken the super-
vision signals by reducing the number of positive samples
in the border zone. Reversely, we can even achieve an anti-
centralized spatial bias if we weaken the supervision signals
in the central zone. This indicates that the supervision signal
strength does have an impact on the zone performance.
Given the above analysis, we finally discuss one possible
solution for addressing the spatial disequilibrium problem
under the annular zone partition.

5.2 Spatial equilibrium learning
Most existing research on object detection focuses on pur-
suing higher detection performance at the image level
while neglecting optimization at the zone level, resulting
in serious spatial disequilibrium issues for detectors. In
this subsection, we introduce a possible solution, termed
Spatial Equilibrium Learning as the beginning of relieving
the spatial disequilibrium problem. We first introduce the
spatial weight, which maps the anchor point coordinates
(xa, ya) to a scalar α(xa, ya) by

α(x, y) = 2max

{
||x− W

2
||1

1

W
, ||y − H

2
||1

1

H

}
∈ [0, 1],

(5)
where W and H are the width and the height of the image.
The spatial weight can be easily plugged into the existing
detection pipelines with few modifications. The principle is

simple and multi-optional. Here, we offer two implementa-
tions as follows.

1) Spatial equilibrium label assignment (SELA). In this
approach, the key idea is to consider the spatial weight as an
additional constraint term when making the criterion rule
for label assignment. Since most of the label assignment
algorithms have their own sophisticated implementations,
in the following, we provide a specific application descrip-
tion of the classic ATSS [104], simply because of its brevity.
Given the positive IoU threshold t, which is calculated
by considering the statistical characteristics of the objects.
The ATSS criterion follows the same rule as the max-IoU
assignment [58], [74], [75], i.e., IoU(Ba,Bgt) ⩾ t, where Ba

and Bgt denote the preset anchor boxes and the ground-
truth boxes. The SELA process is represented as:

IoU(Ba,Bgt) ⩾ t− γα(xa, ya), (6)

where γ ⩾ 0 is a hyperparameter. It can be seen that SELA
relaxes the positive sample selection conditions for objects
near the image borders. Therefore, more anchor points will
be selected as positive samples for them. Notice that the
above application is actually a frequency-based approach,
just like many of the class rebalance sampling strategies
proposed for the long-tail class imbalance problem [42], [67].

2) Spatial equilibrium loss (SE loss). In this approach,
we adopt the cost-sensitive learning method. We take the
spatial weight term 1 + γα(xa, ya) as an additional weight
factor for the classification and the bounding box regression
losses. As such, a larger gradient flow will be generated in
the border zone so that the network pays more attention to
the border objects.

Future directions: There are more potentially promis-
ing solutions toward spatial equilibrium that warrant fu-
ture study. For example, designing an appropriate data
augmentation [19], [46], [90], more specifically, increasing
data augmentation to make up for the insufficient sam-
pling frequency for the objects near the image borders,
might be a promising solution. Besides, since the spatial
disequilibrium problem is formally equivalent to the class
imbalance problem, some improved re-balancing methods
may also bring gains to spatial equilibrium learning, e.g.,
class-balanced loss [21], transfer learning [20], [89], and
representation learning [23], [36], [64], etc. There is also
a very exciting area for future work in pursuing more
solutions to address the two problems in a unified form.
Furthermore, our approaches mainly consider the annular
zone partition, which is designed to balance the detection
ability between the central zone and the border zone. For
some special applications that care more about some regions
of interest, the design ethos can be versatile and contingent
on the practical application.

6 QUANTITATIVE EVALUATION

In this section, we conduct comprehensive evaluations on
10 popular object detectors and 5 object detection datasets.

6.1 Experimental setups

Detectors and metrics. All the object detectors we eval-
uate can be downloaded from MMDetection [13] or their
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Fig. 11. The photographer’s bias in the 5 object detection datasets. We count the center points for all the ground-truth boxes. The images are
divided into 11× 11 zones. First row: Train set. Second row: Test set.

official websites. We follow the standard Average Precision
evaluation protocol. To comprehensively evaluate the de-
tectors, various metrics are reported, including 5 ZPs, the
variance of 5 ZPs, and the traditional metric AP.

Datasets. All the datasets we used are publicly available
and can be downloaded from their official websites or
Kaggle. The object distributions of the 5 datasets can be seen
in Fig. 11.

PASCAL VOC [25] is one of the most widely used object
detection benchmark under natural scenes, which contains
20 classes. We adopt the classical 07+12 training and testing
protocol, i.e., the train set contains the union of VOC 2007
trainval and VOC 2012 trainval (totally 16551 images) and
the test set contains VOC 2007 test (4952 images).

MS COCO [59] is another recently popular benchmark
with much larger scale, containing 80 classes under natural
scenes. We adopt COCO 2017 train (118K images) for train-
ing and COCO 2017 val (5K images) for evaluation.

Face mask detection [1]. With COVID-19 raging around the
world, face mask detection is a widespread and necessary
visual application. The dataset consists of 5,865 images for
training and 1,035 images for testing. There are 2 classes.
One is face and the other is mask.

Fruit detection [24] is widely used in industrial assembly
line sorting and commodity classification. The dataset con-
sists of 3,836 train images and 639 test images. 11 common
fruits are included, e.g., apple, grape, and lemon, etc.

Helmet detection [2] is a safety vision application that is
often used on construction sites to detect whether workers
and visitors are wearing helmets. It contains 15,887 images
for training and 6,902 images for testing. Two classes, head
and helmet, are used.

Setups of spatial equilibrium learning. For spatial equi-
librium learning evaluation, the implementation is based on
the MMDetection [13] framework, and the ablation study is
conducted on GFocal [54] with ResNet [34] backbone and
FPN [57] neck. We use ResNet-18 for VOC 07+12 and 3
application datasets, and adopt ResNet-50 for MS COCO.
The learning rate is linearly scaled by the linear scaling rule
[30] according to the number of GPUs. The training epochs
are set to 12 for all the experiments. We set γ = 0.2 in Eq. (6),
and all the other hyper-parameters remain unchanged for a

TABLE 1
Zone evaluation on the existing popular object detectors. 5 zone

precisions (ZP), the variance of ZP, and the traditional metric AP are
reported. The results are reported on COCO 2017 val. “Cas.”:

Cascade. R: ResNet [34]. X: ResNeXt-32x4d [92]. PVT-s: Pyramid
vision transformer-small [88]. CNeXt-T: ConvNext-T [63].

Detector AP Var. ZP0,1 ZP1,2 ZP2,3 ZP3,4 ZP4,5

DETR (R-50) [11] 40.1 26.9 29.8 36.2 39.8 39.1 45.7
RetinaNet (PVT-s) [88] 40.4 19.7 30.8 36.9 39.0 37.4 44.6
Cascade R-CNN (R-50) [9] 40.3 18.7 30.9 36.6 39.2 38.6 44.2
GFocal (R-50) [54] 40.1 16.9 31.1 37.5 39.4 38.5 43.8
Cas. Mask R-CNN (R-101) [9] 45.4 22.4 34.7 41.6 44.3 44.4 49.1
Sparse R-CNN (R-50) [81] 45.0 21.6 35.8 41.9 43.4 44.0 50.3
YOLOv5-m [41] 45.2 12.9 36.0 42.3 44.5 43.2 46.7
Deform. DETR (R-50) [111] 46.1 23.2 36.3 42.6 45.6 45.1 51.2
Sparse R-CNN (R-101) [81] 46.2 21.2 36.9 42.9 44.9 44.7 51.3
Cas. Mask R-CNN (X-101) [9] 46.1 21.1 36.1 42.0 44.8 45.9 49.9
Mask R-CNN (CNeXt-T) [63] 46.2 17.6 36.7 41.9 44.5 43.6 49.7
GFocal (X-101) [54] 46.1 15.7 37.0 43.5 45.0 44.4 49.3
VFNet (R-101) [101] 46.2 15.6 36.7 43.0 45.0 44.5 48.8

fair comparison.

6.2 Zone evaluation on various object detectors

Although traditional evaluation provides good guidance for
the overall performance of detectors, little is known about
the spatial bias of detectors, as well as the location and
degree. Here, we select various object detectors that have
different detection pipelines but with the same level of tra-
ditional metrics. They are popular, representative, and con-
sidered to be the milestones in modern object detection: one-
stage dense detectors (RetinaNet [58], GFocal [54], VFNet
[101], YOLOv5 [41]), multi-stage dense-to-sparse detectors
(R-CNN series [9], [33], [75]), and sparse detectors (DETR
series [11], [111] and Sparse R-CNN [81]). The quantitative
results are reported in Table 1.

There are several interesting observations:
1) Spatial bias is quite common. One can see that all the

detectors show a clear centralized zone performance, i.e.,
performing well in the central zones (z3,4, z4,5) but unsat-
isfactorily in the border zones (z0,1, z1,2). This confirms the
existence and universality of spatial bias, and we success-
fully quantify the defects of object detectors shown in Fig. 2
for the first time.

2) Their spatial equilibria vary significantly. There is a large
gap of 12.9 to 26.9 in ZP variance. Particularly, we find that
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TABLE 2
Zone evaluation on VOC 07+12, COCO 2017, and 3 application
datasets, i.e., face mask detection, fruit detection, and helmet

detection. 5 zone precisions (ZP), the variance of ZP, and the traditional
metric AP are reported. The results are reported on GFocal [54].

Dataset AP Var. ZP0,1 ZP1,2 ZP2,3 ZP3,4 ZP4,5

VOC 07+12 52.2 53.6 34.3 39.6 42.5 46.6 56.1
COCO 2017 40.1 16.9 31.1 37.5 39.4 38.5 43.8
Face Mask 71.3 13.1 60.4 67.1 69.0 68.8 70.9
Fruit 76.6 56.2 60.8 69.9 71.2 75.3 83.8
Helmet 49.7 3.0 45.9 47.9 50.3 50.6 47.8
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Fig. 12. Two designs of zone partition. ZP is reported.

the sparse detectors, e.g., DETR series and Sparse R-CNN,
tend to produce a large ZP variance, while the one-stage
dense object detectors perform better in spatial equilibrium
(lower ZP variance). It shows that the DETR-based detec-
tors do not align with CNN-based detectors in terms of
spatial equilibrium. We conjecture that it may be attributed
to the global information captured by the self-attention
mechanism. The sparse detectors first extract features by
CNNs and then process the features by a series of attention
modules. The training is more dynamic, and we hypothesize
that the central objects may receive more attention. Clearly,
one can conclude that there must be some factors that lead
to different spatial equilibria among detectors, including
but not limited to the neural network architecture designs,
optimization, and training strategies. Yet currently, we are
unaware of which components or algorithm designs have
an impact on spatial bias. We believe that further research
on this topic in the future will be interesting, and the study
is of great possibility to find the key to addressing the spatial
disequilibrium problem.

3) Traditional evaluation fails to capture spatial bias. It can be
seen that GFocal (R-50) and DETR (R-50) achieve the same
AP score of 40.1. However, the traditional metrics provide
nothing about how much the detection performance is in a
zone. Our zone evaluation shows that GFocal performs bet-
ter in the border zones z0,1 and z1,2, while DETR performs
better in the zones z2,3, z3,4, and z4,5. Similarly, Deformable
DETR (R-50) [111] achieves the same traditional AP as
GFocal (X-101). The zone evaluation shows that Deformable
DETR performs significantly better than GFocal in the cen-
tral zones z3,4, z4,5, whereas worse in the border zones z0,1,
z1,2. And these performance discrepancies are concealed by
the traditional evaluation. In addition, it is interesting to see
that the AP metrics are exactly between ZP3,4 and ZP4,5,
which indicates that the detection performance in 96% of
the image area is actually lower than AP.

Implications: The above results reveal the performance
characteristics of the detectors, which help us better under-

TABLE 3
ZP variance on three types of zone partitions. Spatial bias is an
external manifestation of detectors, whereas spatial equilibrium

corresponds to a given zone partition.

Zone partition VOC COCO Face Mask Fruit Helmet
5 Annular zones 53.6 16.9 13.1 56.2 3.0

5 zones along x-axis 32.3 7.2 11.2 13.7 6.4
5 zones along y-axis 46.7 14.0 39.6 20.8 30.5

TABLE 4
Evaluation for hyper-parameter γ in SELA. 5 zone precisions (ZP), the

variance of ZPs, and the traditional metric AP are reported. γ = 0
denotes the baseline GFocal. Lower variance, better spatial

equilibrium. (Dataset: VOC 07+12)

γ AP Var. ZP0,1 ZP1,2 ZP2,3 ZP3,4 ZP4,5

0 52.2 53.6 34.3 39.6 42.5 46.6 56.1
0.1 52.5 44.5 35.9 40.6 42.1 46.6 55.6
0.2 52.8 37.7 37.6 40.3 43.8 46.9 55.4
0.3 52.8 37.3 37.4 41.5 43.6 46.9 55.6
0.4 52.0 46.3 35.0 38.9 42.6 46.6 54.8

stand the behavior of the object detectors, and encourage
us to rethink the choice of detectors when deploying to the
application scenarios. Furthermore, it is also worth studying
which components in the detection pipelines lead to such
performance discrepancies, e.g., self-attention mechanism,
label assignment, etc.

6.3 Zone evaluation on various datasets

Table 2 reports the quantitative detection results on PASCAL
VOC 07+12, MS COCO val2017, and 3 application datasets.
We have the following observations:

1) One can see that the detection performance varies
across the zones. The zone closest to the image border, i.e.,
z0,1, has consistently the lowest detection performance. In
contrast, the central zone z4,5 has the highest performance
in almost all of these cases.

2) There is also a representative case, i.e., the helmet
dataset, having only 3.0 ZP variance. This indicates that the
helmet dataset achieves the best spatial equilibrium under
the scenario of annular zone partition, whereas the other
datasets have a clear spatial disequilibrium problem. For
example, the variance of ZP is 53.6 on PASCAL VOC and
56.2 on the fruit dataset.

3) If we switch to other zone partitions, e.g., 5 strip zones
along x-axis and 5 strip zones along y-axis (see Fig. 12(a)(b)),
their spatial equilibria change. In Table 3, the face mask and
helmet datasets increase ZP variance to 39.6 and 30.5 in the
scenario of 5 zones along y-axis, respectively, while the fruit
dataset decreases the ZP variance significantly in both cases.

Implications: The zone evaluation provides a fresh per-
spective that sheds light on the limitations of object de-
tectors. It can be seen that spatial bias is also a natural
characteristic of object detectors and they are difficult to
perform perfect spatial equilibrium for an arbitrary zone
partition. The above results indicate that the ZP variance
is a set function related to zone partition. The annular zone
partition mainly considers the balance of detection ability
between the inner zone and the outer one, which is a good
choice in practice since the centralized photographer’s bias
is ubiquitous in visual datasets. Nevertheless, it should be
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TABLE 5
Analysis of spatial weight. 5 zone precisions (ZP), the variance of ZPs,

and the traditional metric AP are reported. γ = 0.2. Lower variance,
better spatial equilibrium. (Dataset: VOC 07+12)

weight AP Var. ZP0,1 ZP1,2 ZP2,3 ZP3,4 ZP4,5

0 52.2 53.6 34.3 39.6 42.5 46.6 56.1
1 52.8 48.3 35.7 40.2 43.3 47.1 56.2

α(xa, ya) 52.8 37.7 37.6 40.3 43.8 46.9 55.4

TABLE 6
Zone evaluation on PASCAL VOC 07+12, MS COCO 2017, and 3

application datasets, including face mask detection, fruit detection, and
helmet detection. 5 zone precisions (ZP), the variance of ZPs, and the

traditional metric AP are reported. The detector is GFocal [54].

Dataset SELA AP Var. ZP0,1 ZP1,2 ZP2,3 ZP3,4 ZP4,5

VOC 07+12 52.2 53.6 34.3 39.6 42.5 46.6 56.1
✓ 52.8 37.7 37.6 40.3 43.8 46.9 55.4

COCO 2017 40.1 16.9 31.1 37.5 39.4 38.5 43.8
✓ 40.3 14.4 31.2 37.7 39.5 38.3 42.9

Face Mask 71.3 13.1 60.4 67.1 69.0 68.8 70.9
✓ 71.6 12.1 60.6 68.0 69.5 69.3 69.8

Fruit 76.6 56.2 60.8 69.9 71.2 75.3 83.8
✓ 77.0 33.6 65.7 69.8 72.0 76.2 82.7

Helmet 49.7 3.0 45.9 47.9 50.3 50.6 47.8
✓ 49.9 3.1 45.9 48.5 50.5 50.6 47.9

noted that the zone partition is flexible and is able to be
customized to any shape based on the application scenarios.

6.4 Evaluation on spatial equilibrium learning
Finally, we provide the evaluation of spatial equilibrium
learning. The ablation studies are conducted by using GFo-
cal and we adopt the first approach, i.e., spatial equilibrium
label assignment (SELA), by default.

Hyperparameter γ. Recall that the implementation of
SELA only involves one hyper-parameter γ in Eq. (6). γ
controls the magnitude of the spatial weight. A larger γ
increases more positive samples for objects near the image
borders. As shown in Table 4, we observe that our SELA
can achieve a consistent spatial equilibrium improvement
(lower variance) for all the options of γ. Too large γ, e.g. 0.4,
will increase much more positive samples for all the zones,
leading to a performance drop. Thus, we set γ to 0.2 for
PASCAL VOC. One can see that our SELA can significantly
improve the detection performance for the outer zones, e.g.,
ZP0,1, ZP1,2, ZP2,3 and ZP3,4. As shown in Fig. 14(a), while
the central zone z4,5 has a slight performance drop, the
ZP improvement is remarkable in the border zone, which
occupies 96% of the total image area. This is particularly
important for the safety applications in surveillance systems
and self-driving cars, as objects may appear anywhere. The
performance of the border zone plays a significant role in
robustness detection. In practice, we set γ = 0.1 for all the
other datasets, but it should be noted that there might be a
better γ for different application scenarios.

Spatial weight. One may wonder how the performance
would go if we directly loose the selection condition for the
positive samples without considering their spatial positions.
Here, we conduct an experiment to investigate the effect of
the spatial weight. The quantitative results are reported in
Table 5. If the spatial weight is set to a constant of 1, it
means that we directly lower the positive IoU threshold

TABLE 7
Evaluation of SELA with various backbone networks. 5 zone precisions
(ZP), the variance of ZPs, and the traditional metric AP are reported. X:

ResNeXt [92]. (Dataset: VOC 07+12)

Model SELA AP Var. ZP0,1 ZP1,2 ZP2,3 ZP3,4 ZP4,5

ResNet-18 52.2 53.6 34.3 39.6 42.5 46.6 56.1
✓ 52.8 37.7 37.6 40.3 43.8 46.9 55.4

ResNet-50 56.1 41.5 40.9 44.6 46.7 51.0 59.7
✓ 56.2 32.2 43.3 44.6 47.3 50.4 59.2

X-101-32x4d-DCN 64.0 37.1 48.7 53.1 55.0 58.0 66.9
✓ 64.3 31.0 50.2 54.1 55.9 57.7 66.9

TABLE 8
Generality of spatial equilibrium learning. The cost-sensitive learning

based method, SE loss, is adopted. 5 zone precisions (ZP), the
variance of ZPs, and the traditional metric AP are reported. (Dataset:

VOC 07+12)

Detector SE loss AP Var. ZP0,1 ZP1,2 ZP2,3 ZP3,4 ZP4,5

GFocal [54] 52.2 53.6 34.3 39.6 42.5 46.6 56.1
✓ 52.5 41.6 37.1 40.6 42.9 46.5 56.0

DW [53] 51.8 32.6 38.4 39.9 43.3 45.7 54.6
✓ 52.7 25.9 39.8 41.2 44.4 46.8 54.2

DDOD [15] 51.1 22.6 38.4 40.0 42.2 45.2 51.9
✓ 51.5 20.8 40.9 40.1 42.6 45.8 52.7

DINO [100] 61.5 47.6 47.1 48.4 53.0 57.1 66.2
✓ 61.7 46.7 47.4 48.5 53.4 57.1 66.3

t by IoU(Ba,Bgt) ⩾ t − γ, and more positive samples
will be selected without spatial discrimination. One can
see that although the performance is boosted, the variance
of the 5 ZPs is large. This indicates that subtracting a
constant from the positive IoU threshold cannot change the
sampling frequency much, because more positive samples
are generated in the central zone. In contrast, our SELA can
significantly reduce the variance, and achieve a much better
spatial equilibrium.

SELA on various datasets. Table 6 shows us promising re-
sults that our SELA can achieve a better spatial equilibrium
for object detection. In particular, we reduce the variance by
a large margin in terms of ZP. For example, we successfully
lower the variance of ZP by -15.9, -2.5, -1.0, and -22.6 on
PASCAL VOC, MS COCO, and face mask/fruit detection.
It demonstrates that our SELA can improve the spatial
equilibrium for multiple application scenarios without the
sacrifice of AP.

Generality of spatial equilibrium learning. We further
provide more experiments to verify the effectiveness of
spatial equilibrium learning on various backbone networks.
Table 7 exhibits that our SELA can notably improve the
spatial equilibrium for all the 3 backbone networks, i.e.,
lower variance. We also conduct experiments to check out
the generality of spatial equilibrium learning by incorpo-
rating it into 3 more detectors, DW [53], DDOD [15], and
DETR-like detector DINO [100]. Here, we adopt spatial
equilibrium loss (SE loss) and we enlarge the training losses
for the objects near the image border. Table 8 reports the
quantitative results of SE loss for these 4 object detectors.
As shown, our method can substantially reduce the ZP
variance for the 4 detectors, indicating that a better spatial
equilibrium is achieved. This shows the generalized ability
of our method to improve the spatial robustness of detectors
without bells and whistles.

We also note that compared to the CNN-based object
detectors, our method produces a slight improvement of
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Fig. 13. Zone evaluation on 11× 11 square zones. The model is GFocal. The results are reported on VOC 07+12.
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results are reported on VOC 07+12.

spatial equilibrium on DINO. This may be attributed to the
different optimization processes between DETR-like detec-
tors and others. The number of positive samples is quite
limited in DETR-like detectors since they use one-to-one
Hungarian matching, while it is much more abundant in
dense object detectors as they adopt one-to-many assign-
ments. Thus, our SE loss is more helpful in alleviating the
imbalance of supervision signal strength on dense object
detectors. This implies that improving spatial equilibrium
for DETR-like detectors could be more challenging. We
hope this work could inspire more solutions to address the
disequilibrium problem of DETR-like detectors in the future.

Correlation with object distribution. We further provide
the correlation between the zone metrics and the object
distribution. We define a finer zone partition, which is the
same as the zone partition for counting the centers of objects,
i.e., 11× 11 square zones (see Fig. 11). Then we evaluate the
detection performance in the 121 zones one by one. We plot
the ZP of the 121 zones in Fig. 13. It can be seen that the ZP
distribution is similar to the object distribution (Fig. 11), i.e.,
the same centralized trend. To investigate the correlation
between the zone metrics and the object distribution, we
further calculate the Pearson Correlation Coefficient (PCC)
and the Spearman Correlation Coefficient (SCC) between
the mZPs and the object distribution of the test set. As
shown in Fig. 14(b) and Fig. 14(c), we get the following
deep reflections on the spatial bias. We first note that all the
PCCs > 0.3 in Fig. 14(b), which indicates that the detection
performance is moderately linear correlated with the object
distribution. As a reminder, the PCC only reflects the linear
correlation of two given vectors, while it may fail when

they are curvilinearly correlated. In Fig. 14(c), the Spearman
correlation reflects a higher ranking correlation between
the mZPs and the object distribution with all the SCCs
> 0.45. This illustrates that the detection performance has a
moderate-to-high correlation with the object distribution. In
general, our SELA substantially reduces these correlations,
indicating a lower correlation with object distribution and
better spatial equilibrium.

Visualization of Detection. We visualize the detection
results of SELA in Fig. 15. Our method can improve the
detection performance of the border zone. We believe that
further exploration of spatial equilibrium is clearly worthy
and important for robust detection applications.

6.5 Other attempts toward spatial equilibrium

As we discussed in Sec. 4, our results show that the object
scale and the absolute positions of objects barely influence
the spatial bias. The discrepancy of object data patterns
between the zones plays a significant role in spatial bias.
In this subsection, we investigate more possible factors and
see how the spatial equilibrium changes. The first one is
the padding operation. We follow the work [45] to set the
padding way as full-conv, which is translation-invariant as
[45] demonstrated. We replace all the convolution kernels of
the head networks with full-conv. The second is the effect of
the oversized anchor near the image border. The default set-
ting of the baseline model keeps all the anchors. We remove
all the anchors whose edges are outside the valid image.
The third is the image resolution. The default resolution of
the baseline model is 1333 × 800, and we train a model
with a small one, e.g., 640 × 640. The results are reported
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Fig. 15. Illustration of detection results for GFocal (first row) and GFocal + SELA (second row). Our method boosts the detection performance for
the border zone. Zoom in for a better view.

in Table 9. One can see that the three modifications result
in a significant AP drop. The full-conv padding can lower
the ZP variance, but it is not helpful for detection accuracy.
In addition, it cannot obtain a better spatial equilibrium
by removing the out-of-bounds anchors or setting different
image resolutions, because the supervision signal remains
imbalanced between the zones. It is challenging to find a
solution that can alleviate spatial disequilibrium problem
without causing performance degradation.

7 CONCLUSIONS, CHALLENGES AND OUTLOOK

In this paper, we present zone evaluation to reveal the exis-
tence and the discrete amplitude of spatial bias in modern
object detectors. We find that the spatial bias is less relevant
to the object scale and the absolute positions of objects, but
closely related to the gap of object data patterns between the
zones. Based on the thorough study of the origin of spatial
bias, we finally introduce the spatial disequilibrium prob-
lem, aiming at a robust detection across the zones. We also
show a path to spatial equilibrium object detection, as a start
to alleviate this problem. Extensive experiments manifest
the existence and the major source of spatial bias, which is
prevalent in various modern detectors and datasets.

Significance. Spatial bias is a natural obstacle in object
detection that the detectors usually show a performance
drop in the border zone, which occupies a large propor-
tion of the image area. While the classic AP metric is still
considered to be the primary measurement, it is difficult to
reveal spatial bias and is challenging to comprehensively
reflect the real performance of object detectors. Maximizing
the AP metric does not fully indicate a robust detection and
performs well in all zones. Zone evaluation supplements
a series of zone metrics, compensates for the drawbacks of
traditional evaluation, and captures more information about
detection performance. We hope this work could inspire
the community to rethink the evaluation of object detectors
and stimulate further explorations on spatial bias, and the
solutions to the spatial disequilibrium problem.

There are several challenges left behind in this work:
Interpretability of spatial bias in various object detectors. This

paper mainly reveals the existence and the discrete ampli-
tude of spatial bias in object detectors, whereas the specific
reason why different detectors perform quite differently
is still frozen in the ice. The neural network architecture

TABLE 9
Evaluation of 3 potential factors for spatial bias. (1) We use full-conv

[45] padding in the head network; (2) We remove the oversized anchor
boxes that exceed the valid image border; (3) We set the image

resolution as 640× 640. 5 zone precisions (ZP), the variance of ZP, and
the traditional metric AP are reported. The results are reported on

GFocal [54] on COCO val2017.

Modification AP Var. ZP0,1 ZP1,2 ZP2,3 ZP3,4 ZP4,5

Baseline 40.1 16.9 31.1 37.5 39.4 38.5 43.8
(1) 38.6 12.4 30.4 36.0 37.5 37.8 41.2
(2) 38.5 16.7 28.8 35.8 37.8 37.2 41.3
(3) 36.9 18.8 26.7 33.6 36.2 34.9 39.9

designs, pre-training data, optimization, training strategies,
and even hyper-parameters may play a role in the spatial
bias. Further exploration to answer the above question is of
paramount importance.

The effect of other potential factors on the spatial bias.
Currently, we pinpointed an evident correlation between
imbalanced object distribution and zone performance. There
are some complicated yet implicit factors such as image
blur, object occlusion, border effect, noise, etc., that may
also contribute to spatial bias. However, current detection
datasets almost lack such annotations for the above factors,
making it difficult to establish a quantitative analysis.

Zone evaluation for other vision tasks. Researchers have
found some clues that the image generator may generate
distorted content near the image border [18]. Hence, the
spatial bias may also exist in many vision tasks. Our zone
evaluation may have great potential to reveal spatial bias,
whether for high-level or low-level vision tasks.
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