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1. Rationale of the scale selection

The scale-selection Eq. (2) is derived from the projection
equations. Let [ be the 3D object height, z the zoom factor
of the image pyramid, (s,., d,-) and (so, dp) the scale/depth
of the object at a reference and observed scale, and Y the 2D
object height at scale 0. Using a normalized camera (f=1),
the projection equations give

Y =20y == d 2 = doz (1)
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(sr,d,) are selected manually for fixed selection, and opti-
mized as parameters (b, k) for learned selection (note that
d,. can be absorbed into b in (3)).

2. Training details

We use 2 training stages. Stage 1| includes the main
scene-level task and auxiliary tasks for each view (red box-
es in Fig. 1). For late fusion, auxiliary losses are applied
between the predicted and GT density maps for each view.
For early fusion, an auxiliary branch of 3 layers of FCN pre-
dicts density maps for each view before the auxiliary loss.
The learning rate is set to le-4. In Stage 2, the auxiliary
tasks are removed, leaving only the scene-level task. FCN-
7 (either density map estimator or feature extractor) is fixed
and the fusion and scale selection parts are trained. The
loss function is the pixel-wise squared error between the
ground-truth and predicted density maps. The learning rate
is set to le-4, and decreases to 5e-5 during training. After
training the two stages, the model is fine-tuned end-to-end.
The training batch-size is set to 1 in all experiments.

3. Additional experiment results

We present additional experiment results, which were
not included in the main paper due to space.

Fixed soft scale selection. The proposed two scale s-
election modules can be regarded as “fixed discrete” and
“learnable soft” scale selection. We perform an extra ab-
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Figure 1: Architecture and loss functions for Stage 1 training. The
modules and losses in red boxes are removed in Stage 2.

lation study on the third variant version “fixed soft” scale
selection (see Table 1).

CSR-net backbone. We use the CSR-net [3] instead
of the FCN-7 as the backbone of the proposed multi-view
counting framework. The counting results of the 3 models
on Street dataset can be found in Table 2. We get slightly
better results and these results are consistent with the FCN-
7 backbone: MVMS fusion improves over late/naive fusion.

Detection+ReID with Detect or ReID ground-truth.
In crowd scenes, detection methods are limited by severe
occlusions among the crowd, while ReID methods are hin-
dered by detection errors, partial occlusions, scale changes
between cameras, and low image-patch resolution. To illus-
trate the difficulties, we use the ground-truth inter-camera
associations (i.e., the best possible ReID) on the people de-
tections and get counting MAE 30.3 on CityStreet, which
is worse than our density-map fusion methods. Likewise,
we apply RelD [4] on the ground-truth person boxes (i.e.,

Dataset | fixed discrete | fixed soft | learnable soft
PETS 3.82 3.59 3.49
Street 7.80 8.55 8.01

Table 1: MVMS model selection module settings comparison:
fixed discrete, fixed soft and learnable soft.

Method | Dmap weighted | Late | Naive | MVMS
mae 9.36 8.36 | 8.19 7.89

Table 2: CSR-Net backboned counting performance on Street.



the best possible detector), and get counting MAE 13.7.
Integrating multi-view detection and RelD for multi-view
crowd counting would be interesting future work, and our
dataset could serve as a test-bed.

Single camera for scene-level counting. The com-
parisons of scene counting using single camera views and
multi-view methods are presented in Table 3, 4 and 5. In
general, for each method, the lowest scene-level MAE (un-
derlined in each row) is achieved by using multiple camera
views, which shows that using multiple cameras improves
the counting performance for wide-area scenes, since a sin-
gle camera may not be able to reliably see the whole scene.
For the “Dmap” method, the smallest MAE on PETS2009
and DukeMTMC is achieved by camera 3 and camera 8§, re-
spectively. The reason is that more people can be seen in the
field-of-views of camera 3 or camera 8, and if the method
cannot properly fuse the multi-view information from mul-
tiple cameras well, the error after fusion will increase com-
pared to the single camera view prediction.

Performance on DukeMTMC Test Hard set. The
scene-level counting results on the DukeMTMC Test Hard
set are presented in Table 6. Using the same sampling
method for the DukeMTMC training set, 200 frames of each
view are extracted from the Test Hard set. Compared to the
training set, the Test Hard set contains more crowds. Sim-
ilarly, the region R2 (see paper Fig. 6) is excluded in the
testing. Our fusion model can achieve better scene-level
counting results than the baselines. Among our methods,
late fusion has slightly lower error than MVMS.

Comparison with traditional multi-view counting
method. We compare our method with a traditional multi-
view counting method “Hybrid” [ 1] in Table 7. [1] proposed
two approaches (head detector and count regression) by fus-
ing hand-crafted features (corner points or Harr feature)
from multiple cameras for multi-view counting. Similar to
[1], we use PETS2009 S1L1 13_57 (view 1 and 2) for train-
ing and 13_59 (view 1 and 2) for testing. Our fusion models
all achieve better performance than the multi-view counting
method based on traditional hand-crafted low-level features,
and MVMS with learnable scale selection achieves the best
scene-level counting performance.

4. Example results

First, we show each view’s distance ratio map (the log
transformed ratio of the pixel distance and the reference dis-
tance) in Fig. 2, and the scale selection masks of the fixed
scale selection and the learnable scale selection in MVMS
model in Fig. 3, 4 and 5.

Fig. 6 presents the predicted ground-plane density maps
and the predicted scene-level counts. See the supplemental
videos for more example results of the estimated ground-
plane density maps.
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PETS 2009 [2]
Method (view) 1 2 3 scene
Dmap (camera 1) 337 793 9.69 11.16
Dmap (camera 2) 2.59 559 7.62 9.09
Dmap (camera 3) 408 6.46 5.84 7.28
Dmap weighted (multiview) | 2.63  5.56 6.18 7.51
Detection+RelD (camera 1) 8.60 1290 1551 16.27
Detection+RelD (camera2) | 7.67 11.19 13.81 14.57
Detection+RelD (camera 3) 8.35 1237 14.61 1540
Detection+RelID (multiview) - - - 9.41
Late fusion (multiview) - - - 3.92
Naive (multiview) - - - 5.43
MVMS (multiview) - - - 3.49

Table 3: Comparison of single view and multi-view counting on PETS2009. Density map (Dmap) and Detection+RelD are applied to only
single camera views. The columns show the mean absolute error (MAE) for each camera view and the whole scene.

Table 4: Comparison of single view and multi-view counting on DukeMTMC. Density map (Dmap) and Detection+RelD are applied to

DukeMTMC [5]
Method (view) 2 3 5 8 whole
Dmap (camera 2) 0.62 230 223 4.08 5.19
Dmap (camera 3) 239 091 152 6.88 8.03
Dmap (camera 5) 1.75 124 098 5.57 6.72
Dmap (camera 8) 448 6.09 538 141 1.93
Dmap weighted (multiview) | 0.66 0.64 0.74 130 2.12
Detection+RelD (camera 2) 206 278 329 245 3.51
Detection+RelD (camera 3) 229 025 193 568 720
Detection+RelD (camera 5) 213 140 096 4.86 6.38
Detection+RelD (camera 8) 225 197 185 3.58 5.10
Detection+RelD (multiview) - - - - 2.20
Late fusion (multiview) - - - - 1.27
Naive (multiview) - - - - 1.25
MVMS (multiview) - - - - 1.03

only single camera views. The columns show the mean absolute error (MAE) for each camera view and the whole scene.

Table 5: Comparison of single view and multi-view counting on City Street. Density map (Dmap) and Detection+RelD are applied to only

Dataset City Street

Scene 1 3 4 whole
Dmap (camera 1) 10.16 11.29 11.69 12.50
Dmap (camera 3) 14.03 1255 1648 17.94
Dmap (camera 4) 19.08 1574 21.56 23.15
Dmap weighted (multiview) 9.58 1243 15.62 11.10
Detection+RelD (camera 1) 41.38 37.83 44.16 45.80
Detection+RelD (camera 3) 36.48 3294 39.23 40.87
Detection+RelD (camera4) | 25.97 2290 28.57 30.03
Detection+RelD (multiview) - - - 27.60
Late fusion (multiview) - - - 8.12

Naive (multiview) - - - 8.10

MVMS (multiview) - - - 8.01

single camera views. The columns show the mean absolute error (MAE) for each camera view and the whole scene.

Method | Dmap weighted | Detection+RelD Late fusion Naive early fusion MVMS
setting - - with  without - fixed learnable
MAE 4.17 5.88 2.73 2.75 2.82 2.96 2.81

Table 6: Experiment results on DukeMTMC Test Hard set.



setting Hybrid [1] Late fusion (with)  Naive early fusion = MVMS (learnable)
MAE 2.03 1.53 1.57 1.44

Table 7: Experiment results on PETS S1L1 (view 1 and 2) comparing with the traditional multi-view method.
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Figure 2: The distance ratio map of PETS 2009, DukeMTMC and City Street.
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Figure 3: The selection mask of fixed scale selection (left) and learnable scale selection (right) for PETS2009.
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Figure 4: The selection mask of fixed scale selection (left) and learnable scale selection (right) for DukeMTMC.
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Figure 5: The selection mask of fixed scale selection (left) and learnable scale selection (right) for City Street.
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Figure 6: The example of the estimated ground-plane density maps of the proposed 3 multi-view fusion models on the 3 datasets.



