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Figure 9. Distribution of number of detections by VFNet. Left:
The number of annotated instances. Each image has 7.2 annotated
instances on average. Center: When NMS parameters are tuned
to minimize OC-cost, the number of detections are adjusted to be
close to ground truths. Right: The detector tries to outputs as many
detections as possible when NMS parameters are tuned with mAP.

������������������������� ������������������
��

Figure 10. Detections with different NMS parameters. NMS pa-
rameters are tuned with OC-cost (Left) and mAP (Right). mAP
encourages detectors to outputs many detections with low confi-
dence scores because mAP’s priority is to increase the chance to
get true positives. Unlike mAP, OC-cost penalizes false positives.

cost instead of mAP when a detector needs to avoid redun-
dant detections. OC-cost is particularly useful for applica-
tions that require detections to be filtered beforehand.

5. Discussions

Limitations. The main challenge in evaluation measures
for object detection tasks is noise in annotations [10]. Ob-
ject detection datasets inevitably contain noise in annota-
tions. The noise can be introduced mainly due to ambigu-
ity in categories/locations and annotators’ skills. Like most
evaluation measures, OC-cost also assumes that ground
truths are correct. When ground-truth annotations have
noise, OC-cost can underrate or overrate the detector’s per-
formance. Designing an evaluation measure considering a
noise model representing how noise is generated will be

an essential topic. Another issue is the category similar-
ity for classification cost. Current OC-cost treats all cate-
gories equally. However, some applications have category-
dependent risk of misclassification, e.g., misclassifying a
car into a truck is less critical than a person into a traffic
light in autonomous driving. Considering category relation-
ships is also an important issue of LVIS benchmark [9].

Social impact. Many real-world applications use object
recognition technologies, and users of such applications are
found in various regions, with different economic situations
and cultural backgrounds. Object recognition technologies
have to work well for all users, and if a technology disre-
gards any group of users, such inequality has to be detected.
A prior work reported that popular cloud services drop their
performance for images from certain groups of users [6].
Per-image evaluation like OC-cost is useful to detect per-
formance degradation in those cases.

The choice of the evaluation measure has a significant
impact on the detector’s behavior. This choice should be
based on the various conditions of the final application.
However, due to the complexity of such decision, it is pos-
sible to make a mistake in selection of a evaluation measure
or hyper-parameters. Misuse of the evaluation measure can
increase the risk of failure in the final application. To mit-
igate these problems, providing guidelines and typical ap-
plication scenarios would be useful so that users understand
the effects and limitations of using the measure intuitively.

6. Conclusions
We introduce a novel measure, OC-cost, for evaluating

object detectors. We define a cost to correct detections to
ground truths as a performance measure. The experimental
results demonstrate that OC-cost is consistent with human
preference to some extent. We also demonstrate that OC-
cost has the capability to facilitate a fair comparison.

As we discussed, OC-cost and mAP evaluate detectors
based on different assumptions. mAP focuses on evaluating
ranking performance over a dataset, while OC-cost evalu-
ates the per-image detection accuracy. For deeper under-
standing of detectors, we recommend using multiple evalu-
ation measures that have different evaluation policies.

OC-cost can be considered as a dissimilarity measure for
labeled bounding boxes. Not only for detector evaluation,
extending OC-cost for other applications is an interesting
future direction. A potential application is layout genera-
tion. OC-cost-like measures would be helpful in sampling
or retrieving layouts [17] and analysis of generated layouts.
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