














salient landmarks on the face.
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Figure 3. Manually cropped global heatmaps, corresponding
attention-driven crops, and regional high quality heatmaps. Note
the precision of the high quality heatmaps, e.g. one can easily
distinguish between outer and inner lip landmarks.

4.2. Benefits of Attention-Driven Cropping

Training regional networks on local crops provides sev-
eral advantages. The first is that it encourages each regional
network to concentrate only on a specific region of the face
and therefore learn region-specific features that help in pre-
dicting landmarks with higher accuracy. Fig. 3 also shows
how the coarse global heatmaps of each region are refined
by the regional networks. As one would intuitively expect,
facial features that are harder to distinguish at lower resolu-
tions start to separate out in the regional heatmaps, resulting
in precise localization (Fig. 4). This is especially visible in
case of the mouth where the outer and inner lips are clearly
separated in the high resolution regional heatmap.

The second advantage is that since each regional model
is looking only at specific part of a face, the quality of
regional landmarks is independent of the appearance of
other regions. We expect that this property of our architec-
ture makes the quality of overall landmark prediction much
more robust to global changes in appearance.

Thirdly, our global-local architecture is designed to pro-
cess only meaningful regions of a high resolution input im-
age. Purposefully discarding irrelevant portions of a high
resolution image avoids the need for networks to be ex-
tremely deep or build huge feature representations that don’t
fit inside current GPUs. Concentrating only on Rols enables
the regional hourglasses to leverage the high frequency de-
tail present in the captured imagery by only predicting land-
marks within a meaningful ROI. Our approach allows us
to perform deep landmark detection on high resolution im-
ages, without sacrificing batch size, while at the same time
avoiding unnecessary computations.

4.3. Evaluations on 300W and 300VW

Though our method was primarily designed for high res-
olution images, we evaluate our attention driven cropping
on the low resolution 300W and 300-VW datasets. For
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Figure 4. Effect of regional refinement: Local corrections (green)
made by regional models to landmarks predicted by the global
model (gray) are shown. When provided with sufficient context,
regional models can produce both small and large corrections.

Method Common | Challenging | Full Set
MDM [40] 4.83 10.14 5.88
Two-Stagegt [28] 4.36 7.42 4.96
RDR [43] 5.03 8.95 5.80
FHR [38] N/A N/A 3.8
SAN [9] 3.34 6.6 3.98
DSRN [29] 4.12 9.68 5.21
TS [10] 291 591 349
ODN [54] 3.56 6.67 4.17
Ours 2.83 7.04 4.23
Ours (51 Hi-res landmarks only) 241 5.68 3.50

Table 2. Performance on the 300W dataset. Despite being de-
signed for high resolution imagery, our method performs very well
also on low resolution in-the-wild images.

300W, we split the Helen, LFPW, AFW, and Ibug datasets
into training and test sets identical to previous methods
[9, 29, 38]. We train our model at a resolution of 256x256
pixels and crop sizes of 128x128 pixels, and define 4 re-
gions of interest (2) from which a total of 51 high resolution
landmarks are detected and the remaining 17 landmarks on
the jawline are predicted by the global hourglass. We re-
port the normalized mean error (NME) [4] metric on the
300-W test sets in Table 2. Even at 256x256 pixels, our
method establishes a new baseline on the common subset
and remains competitive to state-of-the-art on the challeng-
ing subset. Qualitative landmark predictions on the 300W
test set are shown in Fig. 5 Additionally, as we will see from
the experiments in Section 4.4, the benefits of our attention
driven cropping method become significantly larger as we
move to higher resolutions.

To validate our method on the 300-VW dataset, we re-
train another network identical to the one used for the 300W,
using 50 training videos from 300-VW. Table 3 compares
our method to existing state-of-the-art using the NME met-
ric on three different test categories. Our method again pro-
duces the best results on 2 out of 3 of the categories.

4.4. Evaluations at Higher Resolutions

We compare our attention-driven cropping architecture
with a random forest algorithm [23], a two stage hourglass
network [30] and a 4 stage hourglass network namely the
2D landmark detector referred to as FAN [4]. We used our
low resolution 256 dataset described in Section 3.3 to train
the random forest, the 2 and the 4 stage hourglass networks.

Since our architecture enables training with resolutions



Method Category 1 | Category 2 | Category 3
SDM [44] 7.41 6.18 13.04
TSCN [35] 12.54 7.25 1.13
CFSS [55] 7.68 6.42 13.67
TCDCN [52] 7.66 6.77 14.98
TSTN [1] 5.36 4.51 12.84
DSRN [29] 5.33 4.92 8.85
FHR+STA [38] 4.40 4.16 5.96
Ours 4.17 3.89 7.28
Ours (51 high res landmarks only) 3.66 3.35 6.65

Table 3. Performance on the 300-VW dataset. Similar to Table 2,
our method also performs very well on the videos of 300-VW.

Figure 5. Qualitative results showing attention refined regional
landmarks on a few samples from the 300-W test set.
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Figure 6. Percentage Correct Keypoints as function of the error in
pixels for our method compared to DLIB [23], hourglass [30] and
FAN [4] for different resolutions from 256 to 4K. We show that
both our regular and ‘light’ variants outperform previous methods.
At 4K, only the ‘light’ version is possible but still provides signif-
icant improvement. Refer to Table 4 for Normalized Mean Errors.

of up to 4096, we trained it with data of appropriate reso-
lution. We use the high quality test set described in Sec-
tion 3.3 consisting of 4416 images for evaluation. For the
sake of comparison, the predictions made by the random
forest, the 2 and the 4 stage hourglasses were up-scaled

Method 256 | 512 | 2048 | 4096
DLIB [23] 372 | 343 | 332 | 3.35
Hourglass (2 Stages) [30] | 2.34 | 2.34 | 2.34 | 2.38
Hourglass (4 Stages) [4] 239|239 | 239 | 244
Ours (light) 2.34 | 2.08 | 1.97 | 1.95
Ours 2.26 | 1.95 | 1.94 -
Table 4. Normalized Mean Errors for our method compared to
DLIB [23], hourglass [30] and FAN [4] for different resolutions
from 256 to 4K. Refer to Fig. 6 for Percentage Correct Keypoints
visualization.

manually from 256 to the evaluation resolution.

To quantitatively compare landmark predictions, we use
the Percentage Correct Keypoints (PCK) metric used by
[15] and the Normalized Mean Error (NME) as before.
Fig. 6 and Table 4 show quantitative comparisons of our
algorithm against different methods at resolutions ranging
from 256 to 4096. At a resolution of 4096, we report the
PCK and NME metric only for the /ight variant of our ar-
chitecture for reasons explained in Section 3.4. The resolu-
tion of 1024 is considered separately in our ablation study
in Section 4.5.

Our approach, including the light variant, outper-
forms other methods across all resolutions, indicating that
attention-driven cropping is not only a way for training with
higher resolution imagery, but is an effective method for fa-
cial landmark detection in principle. The benefits of our
approach increase as the resolution of the input increases.
This can be inferred from the differences in the area under
curve metric between our method and the 4 stage hourglass
as the resolution increases.

4.5. Ablation Studies

We evaluate some of our architectural choices at a reso-
lution of 1024. These results are presented in Fig. 7.

Effect of Additional Stages Stacking models on top of
one another is a common approach in landmark localiza-
tion [30, 4, 42]. Such stacking could also be incorporated
into our architecture by stacking multiple regional refine-
ment modules on top of one another. When we stack an ad-
ditional regional hourglass to our base architecture shown
in Fig. 1, we see an improvement in the AUC (see Fig. 7,
left).

Choice of Architecture The modular nature of our archi-
tecture makes it possible to swap the hourglass with dif-
ferent fully convolutional architectures. To validate the ro-
bustness of the proposed concept to different architectural
choices, we consider two recently proposed fully convo-
lutional architectures i) a 6 stage Convolutional Pose Ma-
chine (CPM) [42, 6] and ii) the CNN 6/7 architecture from
[13]. When using CNN 6/7, we discard the last fully con-
nected layer to keep the network fully convolutional and ap-
pend additional CNN 6/7 stages where each stage receives
both the image and the heatmap of the previous stage as
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Figure 7. Ablation study at 1K. Left: stacking an additional re-
gional hourglass improves the AUC. Right: swapping the hour-
glass with a CPM [42, 6] or CNN 6/7 architecture [13] shows that
our attention-driven cropping scheme can improve other architec-
tures too, but the hourglass still obtains the best results.

input. We retrain both the 6 stage CPM and the 6 stage
CNN 6/7 architecture and compare them with our attention-
driven cropping concept where every hourglass module is
replaced by a single stage CPM or CNN 6/7 respectively.
In the right half of Fig. 7, we see the results of this ex-
periment. Though our attention-driven CPM and attention-
driven CNN 6/7 consist of lesser parameters than the 6 stage
CPM and 6 stage CNN 6/7 architectures respectively, we
see a large improvement in switching to landmark detection
with our attention-driven cropping concept as opposed to
holistic multi-stage methods. This superior performance is
a testament to the robustness of the proposed method and
its applicability to more general problems in localization.

4096x4096 Evaluations

Percentage Correct Keypoints
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Figure 8. Comparing results of testing at 4K but training at dif-
ferent resolutions confirms there is indeed a benefit by moving to
higher resolution training when possible.

4.5.1 Necessity of High Resolution Detection

The 4K images we captured (Section 3.3) were annotated
by a human expert. Considering the limited precision with
which humans annotate landmarks [ 1], there is a question
over the necessity of training a model with extremely high
resolution imagery. In Fig. 8, we compare the results of
our light variant with hourglass building blocks, trained at
4096 to up-scaled predictions from other attention driven
models trained at lower resolution. The performance of the
attention-driven cropping framework increases as the res-

Figure 9. Qualitatively, our method produces the most accurate
landmarks on a test image set. Here we compare to DLIB [23] and
a 4-stage hourglass (FAN) [4] on a small set of the test data. Pixel
errors are indicated by color.

Figure 10. Situations where our regional refinement could fail are
shown here on the 300w dataset, where the crop results in mean-
ingless images when parts of the face are completely occluded. In
such cases, a global approach would be more preferable.

olution of the input data increases, ultimately making the
model directly trained at 4K resolution the best performing
model. From this, we see that there is indeed a benefit by
moving to higher resolutions whenever possible. In Fig. 9,
we show qualitative results on a few different test images.

4.6. Limitations

The proposed method is designed to improve landmark
localization by leveraging information present at higher res-
olutions. If no additional information is present, or the addi-
tional information is deceiving as is the case for partial oc-
clusions (Fig. 10), the performance degrades. This is related
to the classical aperture problem, and future work could in-
vestigate approaches to determine the best resolution to lo-
calize features in automatically.

5. Conclusion

We present a novel, fully convolutional regional architec-
ture designed to predict landmarks on very high resolution
images. Our proposal is an end-to-end attention-driven ar-
chitecture that allows to train deep networks on higher res-
olution images by automatically defining and focusing on
regions of interest instead of considering the image holisti-
cally. We show that our architecture achieves superior per-
formance over holistic state of the art convolutional archi-
tectures across all resolutions from 256 to 4K. We believe
our method fills the need for algorithms that can leverage
the rich information available in high resolution imagery,
which is becoming increasingly more common.
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