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TABLE VIII
EXPERIMENT 3.(2): COMPARATIVE MAE SCORES ON THE CARPK AND PUCPR+ VEHICLE COUNTING DATASETS. WE COMPARE OUR
METHOD WITH THE RECENT COUNTING METHODS OF [17], [29] RELYING ON PATCH COUNT ANNOTATIONS OR PRECISE BOUNDING-BOX

COUNT ANNOTATIONS, AS WELL AS THE OBJECT DETECTION METHODS [33], [35] FINE-TUNED ON CARPK AND PUCPR+ DATASET,
RESPECTIVELY. OUR METHOD DOES NOT RELY ON GROUND TRUTH BOUNDING BOXES AND YET ACHIEVES SIMILAR PERFORMANCE TO

THE RECENT COUNTING METHODS. WE UNDERLINE THE APPROACHES EXCEEDING THE BASELINES, AND HIGHLIGHT IN BOLD THE
BEST RESULT.

Annotation MAE
level

YOLO [33] box 48.89
Faster R-CNN [35] box 47.45

LPN counting [17] box count 23.80
One look regression [29] patch count 59.46

IEP Counting (ours) image count 52.69 (� 0.884)
IEP Counting� (ours) image count 51.83 (� 0.883)

Annotation MAE
level

YOLO [33] box 156.00
Faster R-CNN [35] box 111.40

LPN counting [17] box count 22.76
One look regression [29] patch count 21.88

IEP Counting (ours) image count 15.78 (� 5.18)
IEP Counting� (ours) image count 15.12(� 4.79)

(a) MAE results on the CARPK dataset. (b) MAE results on the PUCPR+ dataset.

Examples from the CARPK dataset.

(a) Low altitude. (b) High altitude. (c) Parked scooters.

Examples from the PUCPR+ dataset.

(a) Cloudy. (b) Rainy. (c) Sunny.

Fig. 6. Experiment 3.(2): Examples from the CARPK and PUCPR+ datasets. In the CARPK dataset the resolution of the cars and the viewpoint and location
vary. Moreover, in the CARPK dataset there are similar concepts present such as: buses and scooters. Dissimilar, the PUCPR+ records a parking lot, under
different weather conditions, with a fixed camera, and there are no other dynamic objects present apart from cars.

patches. However, the method in [29] uses patch annotations
where patches in the image have associated annotations with
the number of cars present. In our case we use patches,
but we do not have associated patch counts, we only have
the total global counts of all cars present in the image. In
[17] a Layout Proposal Network is used to first localize the
cars and subsequently count. Dissimilar to us, the work in
[17] employs precise ground truth bounding boxes to jointly
localize and count the cars present in the images. For this
dataset the location information is important, as detection
methods relying on tight bounding box annotations outperform
counting methods such as [29] and our approach.

Table VIII depicts our results. On the CARPK dataset, in
table VIII.(a), our method achieves comparable performance
with the recent work of Mundhenk et al. [29], without using
region-based counting supervision. The work of Hsieh et al.
[17] performs better than the work in [29] and our work, as

it uses additional supervision by employing precise bounding
box annotations during training. On PUCPR+ dataset, in
table VIII.(b), we outperform all detection baselines [33], [35].
Our method has a large variance on this dataset, which we
believe to be caused by the very limited number of training
examples: in the range one hundred. However, our method
performs on par with the recent counting methods [17], [29],
despite not using region counts, or bounding box ground truth
annotations. This experiment validates the generality of our
counting approach, which can be applied either for generic
object counting as in experiment IV-C, or for class-specific
counting as tested here.

Cross-dataset variance analysis on the task of car counting.
There is a large variance in performance between the two
datasets for most of the methods reported in Table VIII. The
CARPK dataset contains an aerial video recorded from differ-
ent altitudes and in different locations. The resolution of the
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cars varies considerably throughout the video, as seen in the
first row of Figure 6. Moreover, in the CARPK dataset other
concepts are present, that may confuse the car counting: e.g.
buses, pedestrians, scooters, etc. The supervision is provided
only for cars, the other concepts being ignored.

Unlike CARPK, the PUCPR+ dataset contains images from
a fixed surveillance camera, filming a parking lot under
different weather conditions: e.g. sunny, rainy, cloudy. In this
dataset there are no other dynamic objects present, apart from
cars. A few examples from the PUCPR+ dataset are displayed
on the second row of Figure 6.

Table VIII shows that counting methods based on object
detection such as [33] and [35] perform considerably better
on the CARPK dataset, while having a large error on the
PUCPR+ dataset. On the contrary, counting methods such as
ours and [29] perform well on the PUCPR+ dataset while
having lower performance on the CARPK dataset. The method
in [17] has a consistent performance on both datasets as it
relies on car-localization, with bounding box supervision, and
it fine-tunes both the car localization and the car counting
on the CARPK and PUCPR+ dataset. The object detection
methods [33], [35] are also fine-tuned on the two car- datasets.
The CARPK dataset has ≈ 10 × more samples than the
PUCPR+ dataset, and therefore the fine-tuning of the car
detectors is more effective on the CARPK dataset than on the
PUCPR+ dataset. The number of training samples per dataset,
is one motivation for the variance in performance across
datasets. Another reason for this variance across datasets, is
the confusion generated in car counts by other objects present
in the CARPK dataset such as scooters and pedestrians, which
do not have associated object counts. Object detectors are
optimized to distinguish cars from scooters or other objects
and, therefore, are more accurate on the CARPK dataset. Our
method is only trained with the object count labels, which
makes it more challenging for it not to over-count in the
presence of unlabelled similar classes.

V. CONCLUSION

This work proposes an approach towards generic object
counting with unsupervised local image information. Our
method relies on unsupervised object proposals or uniform
grid partitions and adds geometric information in the loss opti-
mization through the inclusion-exclusion principle. Moreover,
we propose to learn from local image features, and predict
global image object counts. Therefore, we do not rely on any
form of local supervision. In experimental section IV-B we
analyse the added value of each one of the building blocks
composing our proposed approach: the effect of the depth of
the hierarchy of image divisions on the counting performance,
the importance of the preciseness of locality offered by object
regions, the added value of the IEP-based counting, as well as
the generality of the IEP layer when applied on a different
architecture. Finally, in the section IV-C we evaluate our
proposed method on the large scale MS-COCO dataset, while
IV-D tests the generality of our method on three class-specific
dataset: pedestrian counting in the UCSD dataset, and two
vehicle counting dataset, CARPK and PUCPR+, and compares
with recent object detection and counting works.
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