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Abstract

Early excision of burns saves lives. Like most treatments,
this relies on having accurate early-stage burn depth diag-
nosis. Unfortunately, even considering the experts, there ex-
ists a lack of accuracy among the burn community in terms
of early diagnosis. Using state of the art deep learning prin-
ciples, this project aims to improve upon this. First, we cre-
ated the largest dataset to date of segmented and labeled
burns. Second, with minimal training, we show that we can
accurately discriminate burnt skin from the rest of an im-
age, paving the way for the calculation of clinically impor-
tant metrics, such as the percent of the body which is burned
(TBSA). Furthermore, we show there is large potential to do
even better. We then show that provided we make the nec-
essary data and model adjustments, we can extend this to
accurately segment and classify different burn depths. In
total, this project brings us one step closer to scaling expert
level care to millions of burn victims worldwide.1

1. Introduction

Machine learning is transforming a variety of disciplines.
By identifying complex patterns from vast amounts of data,
it is able to provide much more accurate insights at un-
precedented scale. Simultaneously, we see U.S. health-
care starting to place much greater premiums on efficiency
and accessibility. As such, we see the field starting to em-
brace machine learning techniques, shifting it towards pre-
vention methodologies and acting to un-silo medical exper-
tise [R15]. Notably, we’ve also seen an uptick in apply-
ing computer vision principles. For example, Stanford re-
searchers have recently shown deep learning can be used
to obtain expert-level identification of skin cancer from im-
ages [A17].

Along the lines of early detection, early excision of
burns has been shown to improve patient outcomes and
reduce costs [N70] [N89] [SMC06]. However, with
increasing emphasis on early excision comes an increased
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need for early diagnosis of burn depth. Clinical diagnosis
by visual inspection and physical exam remains the most
common means of assessing burn depth in the United States
[R14]. This visual assessment attempts to identify the burn
depth and the percent of the body that is burned (TBSA).
Unfortunately, accuracy of burn depth diagnosis by burn
specialists remains at only 40-70% in the first several days
following a burn [AAO01] [H09] [M93] [M84], which is
the period in which accurate diagnosis is needed in order to
proceed with early excision. Moreover, those who are not
burn specialists are much less accurate at burn depth assess-
ment [B13]. Given that burn patients are usually diagnosed
by non-specialized doctors [B13] and misdiagnosis can
lead either to unnecessary excision or delayed excision
(resulting in scarring, chronic health complications, etc.),
simply by virtue of geographic location, many people are
not experiencing the care they need.

Current technologies to sidestep visual inspection,
such as laser Doppler Imaging, have low adoption and
are also difficult to use and costly [R14]. Ubiquitous
smartphones with cameras would overcome the challenges
of cost, availability, and difficulty of use. Furthermore,
remote assessment of low quality digital images in burns
and wounds have been shown to have a high degree of
inter-rater reliability [L99] [X06] [K07]. However, remote
assessment is hard to scale and diagnosis is still left to the
whims of a single (or handful) or doctors.

Given this, there appears to be an exciting opportunity
to apply machine learning principles. With this study, we
propose to develop state-of-the-art deep learning-based
algorithms using digital images for automatic assessment
and diagnosis of burn depth. Particularly, given an RGB
2d input image, predict the burn severity on a per-pixel
basis, thus categorizing a burns severity and spatial outline.
This system could be used by non-specialists to aid in
early diagnosis and triage of burns or by specialists to
aid in management decisions to promote earlier excision.
Ultimately, this will bring us closer to scaling expert level
care to millions of burn victims worldwide.
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Figure 1: Given an input image, we want to predict each
burn’s severity and spatial outline. Each shaded color rep-
resents a different burn depth.

2. Related Work

There have been previous attempts exploring the devel-
opment of image recognition platforms for diagnosis of
burns. [P14] combines optical coherence tomography and
pulse speckle imaging to achieve an ROC of .87 in classi-
fying burn depth of manually created pig skin burns. The
three burn depths were superficial, partial thickness, and
full thickness. [K05] uses reflective spectrophotometer data
combined with a Radial Basis Function neural network to
achieve 86% classification accuracy in predicting whether
the healing times of burns will be within 14 days or not.
Neither of these studies use raw digital images, instead re-
lying on more expensive/complicated technology. Further-
more, they go through lengthy processes to manually spec-
ify features, use datasets of just 68 and 41 images respec-
tively, and do not segment.

Closer to the ideal system, a group at the University of
Seville uses raw digital images as the inputs to their algo-
rithms. [B05] first segment the burns then feed the pro-
posed burnt skin into a Fuzzy-ARTMAP neural network to
classify whether the burn depth is superficial, deep, or full
thickness. With a test set of 62 images, they achieve a clas-
sification accuracy of 82%. It is important to note that the
segmentation and classification were not done end-to-end.
In 2013, the same group attempted two different classifica-
tion tasks using a different feature representation strategy
i.e. they tried to replicate a plastic surgeon’s classification
process using a pyschophysical experiment. In the first, they
try to classify burn depth (superficial, deep, full thickness)
using a KNN. They achieve a 66.2% success rate. When
trying to predict whether a burn needed a graft or not, they
achieve 83.8%. In both, they use a test set of 74 images
[B13].
In total, we see past work has relied upon complicated fea-

ture engineering techniques and datasets of less than 100
images. Both of which are clearly hard to scale/generalize
with.

Fortunately, deep learning is a class of machine learn-
ing algorithms that uses data to automatically learn classi-
fier features instead of relying on humans to hand-design
them, thus decreasing the amount of bias that humans in-
ject into these systems. As a result, deep learning methods
have recently shown superhuman performance on a vari-
ety of image and pattern recognition tasks, such as classi-
fication of over 200 different dog breeds [YYH15] [O15]
[K15]. These principles are also starting to be applied in
the medical domain. Researchers have recently used deep
convolutional nets (particularly GoogleNet) and a training
set of over 100,000 images to achieve skin cancer identi-
fication accuracy on par with dermatology experts [A17].
Given skin cancer is also commonly diagnosed visually, this
represents the potential to apply a similar methodology to
burn wounds.

In total, our method will advance upon previous work
in three main areas: 1) creation of the largest dataset of la-
beled and segmented burns to date 2) adaptation of state-
of-the-art deep learning techniques that have been shown to
out-perform humans 3) end-to-end segmentation and clas-
sification i.e. predicting both the spatial outline and burn
depth in a single network. Not only is segmentation tech-
nically more challenging, but it allows for the calculation
of TBSA, which allows for more accurate diagnoses. Thus,
end-to-end classification/segmentation has much more clin-
ical utility.

3. Methods
3.1. Data Collection

Figure 2: Examples of images in the novel BURNED
dataset.

To accomplish the stated task, a novel dataset called
BURNED was created. First, we obtained 749 images from
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the Santa Clara Valley Medical Center and manually cu-
rated an additional 180 images from Google Search. Next,
we adapted an online annotation tool [BC08] to make it easy
for plastic surgeons to outline and label various burns on
a given image. This required making immense UI modi-
fications to streamline the process for the plastic surgeons
as well as adding in a secure login and backend database.
Given the data was considered medically risky, we had to
deploy the tool on Google Cloud. The collection process
consisted of two steps. First, a set of 3 plastic surgeons went
through and outlined the burns on each image. Second, each
image was randomly assigned 3 plastic surgeon labelers
(out of 6). The available labeling choices were: superficial
(S), superficial/deep partial thickness, full thickness (FT),
and undebrided (U). Though we allowed labelers to differ-
entiate between superficial partial thickness and deep par-
tial thickness, we merged them into partial thickness (PT)
for the analysis due to the size of the dataset. Further-
more, since the dataset was still being prepared, the analysis
only uses 656 images, which constitutes 1351 masks/burns.
Even then, this set constitutes the largest labeled and seg-
mented burn dataset.

Figure 3: Example of the annotation interface. The second
image represents a surgeon outlining the burn. The third
image shows the resulting mask.

3.2. Technical Approach

The network architecture is based off of a fully convo-
lutional network [JET15]. There are two key aspects of the
model. First, this adapts traditional deep convolutional nets
(AlexNet, VGG, GoogleNet), which have a fully connected
layer at the end, to accept arbitrary inputs and produce cor-
responding spatial outputs. This is important as for a given
input image of dimension HeightxWidthx3, we want to
produce an output of shape HeightxWidthxClasses to
represent the segmentation mask. Second, nets like VGG
are traditionally used to capture and predict coarse, high
level information, whereas semantic segmentation requires

CRF

FCN

Figure 4: The network architecture for this project. The
input is the raw image, which is then passed to an FCN with
a CRF layer attached. The resulting output is a per-pixel
mask.

simultaneously capturing fine-grained, pixel level informa-
tion. As such, after the high level information is obtained
(such as whether the image contains a superficial burn),
FCN-8 (based on VGG-16) upsamples back to the origi-
nal image dimensions and combines predictions at the fi-
nal layer with predictions at earlier layers. This enables the
model to capture the pixel-level, fine-grained information
i.e. which pixels correspond to the superficial burn.

We next attach a conditional random field formulated
as an RNN cell onto the FCN [S15]. Through essentially
adding smoothness constraints between neighboring pixel
labels, this layer acts to further fine-grain some of the out-
puts of the FCN making predictions more consistent and im-
proving common semantic segmentation metrics. In other
words, pixels near and similar to each other should have the
same class assignment.

The model was pre-trained on the PASCAL VOC 2012
dataset.

3.3. Metrics

Pixel Accuracy (PA)

1

ncl

ncl∑
i=1

nii

ti

Mean IOU

1

ncl

ncl∑
i=1

nii

ti +
∑ncl

j=1 nji − nii

Figure 5: ncl represents the number of classes (not includ-
ing the background class). ti represents the total number of
pixels for class i. nij is the number of pixels of class i pre-
dicted to be class j. These are common metrics for semantic
segmentation [S15].

We use two main metrics to evaluate performance of the
system. Pixel Accuracy (PA) measures how much of the
burn we recovered in our prediction. Mean intersection-
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over-union (IOU) can be thought as an F1 score, penalizing
us for over-predicting. The combination of these two meth-
ods allow us to quantify whether we over or under predict a
certain class. For example, if the pixel accuracy is greater
than IOU, this means we are over-predicting a class.

Figure 6: An example of the difference between the two
metrics. The left image is the ground truth and the right is
predicted. PA is close to 1, but IOU is much less than 1.

4. Results
For all results below, we used a ADAM optimizer with a

learning rate of 5e−5. With SGD as the optimizer, a learn-
ing rate several magnitudes smaller had to be used, causing
the training process to take substantially larger. If we used
a larger learning rate with SGD, we ran into exploding gra-
dient problems. Even though adding in gradient clipping
helped alleviate this, the results had much more variance,
causing us to choose ADAM. Each image was resized to
250x250 and a batch size of 1 was used. Though [S15] uses
500x500, we chose 250x50 as it resulted in 4x shorter train-
ing times with no substantial drop in accuracy. The batch
size of 1 was recommended by [S15]. We used a 60/20/20
training, validation, test split and ran each model for only
15 epochs (due to resource constraints). Code was adapted
from [Ker16] [Gro17] [Jun17].

4.1. Burn/No Burn

We first wanted to see if we could discriminate between
burnt skin and the rest of the image. We also used this as
an opportunity to experiment with model architectures be-
fore we attempted to differentiate between the different burn
depths.

Overall, we are able to accomplish our task exceed-
ingly well (given the size of the dataset and minimal train-
ing time). First, we see the FCN with conditional random
field outperforms the plain FCN (though only slightly). Be-
cause of this, we chose to use this architecture for the rest

PA IOU
FCN - No CRF .82 .54

FCN - CRF .85 .56
FCN - CRF, Aug .85 .67

Pascals N/A .75

Figure 7: We see the breakdown in metrics for the test set.
The FCN with CRF layer and data augmentation clearly
does the best. The pascals represents the models perfor-
mance on the PASCAL VOC 2012 dataset, one of the gold
standards for semantic segmentation [S15]. Though the
datasets comparable, this is meant to show we should not
expect to get an IOU of 1.

of the experiments. Second, we are erring on the side of
over-predicting burnt skin. Third, adding in data augmenta-
tion substantially reduces the amount of over-predicting i.e.
pixel accuracy remains the same but IOU improves by 20%.
The augmentation strategy consisted of making 4 modi-
fied copies of each training image, where each copy was
subjected to random crops, flips, and illumination changes.
Given this is a relatively minor augmentation strategy, we
see there is room to improve the results further simply by
making the augmentation strategy more complex or pro-
nounced. For example, [A17] use an augmentation factor
of 720 compared to our 4.

Ground Truth Predicted

Figure 8: Examples of images where we are able to accu-
rately segment burnt skin.

Looking at the common errors, which see three consis-
tent themes. First, we slightly over-predict the boundary
of the burn. In this case, more training and augmentation
should help. Furthermore, this is likely an artifact of the
human error and imprecise nature of the annotation tool i.e.
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we’re likely never to get a perfect IOU. Second, many times
we seemingly over-predict a burn, but in reality, we are
catching burns that were not labeled i.e. we are doing bet-
ter than the metrics indicate. This is again an artifact of the
labeling process. To elaborate, the segmentation aspect of
the data collection process is the most tedious and thus acts
as the biggest bottleneck (considering the time constraint
plastic surgeons face). It is almost impossible to expect the
surgeons to be able to segment all burns in a photo, espe-
cially the minor ones. Given this, we must change our mod-
eling paradigm to not assume we have completely labeled
data i.e. shift to semi-supervised methods. Furthermore, we
can use this insight to form a feedback loop in our data col-
lection process. For example, allow the surgeons to agree
or disagree with a predicted segmentation, which we then
feed back into the training set. Third, the algorithm strug-
gles to differentiate between burnt skin and non-clear (but
non burnt skin). This category is somewhat similar to the
previous, but involves skin that is freckled or is slightly red
due to some other condition (but is not a burn). Adding in
various images of non-burnt skin, such as from a dermatol-
ogy corpus, should help here. In other words, the algorithm
simply has not seen enough images of the various types of
non-burnt skin. Overall, given the minimal training time
and dataset size, this represents a very successful first at-
tempt at segmenting burnt skin with clear pathways forward
to further improve our results.

Ground Truth Predicted

Figure 9: At the top, the algorithm slightly over-predicts
the bounds. In the middle, the algorithm seemingly over-
predicts, but actually catches less severe burns which were
not labeled. At the bottom, the algorithm struggles to dif-
ferentiate between burnt skin and non-clear skin.

4.2. Multi-Burn

We next attempted to extend our model to predicting the
4 different burn depths. Our initial results are middle of the
ground with a pixel accuracy of .60 and IOU of .37.

Ground Truth Predicted

Figure 10: The first two sets of images represent us accu-
rately segmenting and classifying partial thickness burns.
The last two images are superficial which we said were par-
tial thickness.

We find that we are only good at predicting partial thick-
ness burns with the rest of the burns having a sub .15 IOU
(Figure 11). Furthermore, when looking at the confusion
matrix of our pixel predictions, we find that when we mis-
predict these other burns, it is because we are predicting
them to be partial thickness instead or categorizing them as
not burnt skin (Figure 12).

Digging deeper, it is evident the main culprit is the class
imbalance between the different burn depths (Figure 13).
Particularly, partial thickness burns are present in 334 out
of the 396 images in the training set. The next largest is
full thickness, which appears in only 106 images. Given the
drastic imbalance, it is clear the algorithm is simply predict-
ing partial thickness for the most part and has not been able
to learn to differentiate the rest of the burn depths.

Given this, we experimented with three different strate-
gies to account for this imbalance. In the first, we upsam-
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Figure 11: We are only accurate at predicting partial thick-
ness burns.

Predicted
B S PT FT U

B 650K 105K 458K 50K 4K
S 13K 11K 54K 2K 0

PT 78K 23K 607K 21K 0
FT 72K 2K 88K 44K 0
U 35K 0 26K 2K 0

Figure 12: Confusion matrix of results on the test set. Most
of our wrong predictions are predicting no burn or over-
predicting partial thickness burns.

S PT FT U
Pixels 660K 3.8M 1.1M 313K
Images 98 564 163 86

Figure 13: Breakdown of the number of pixels and images
corresponding to each burn depth category across the whole
dataset used. We see partial thickness burns make up a clear
majority.

pled the classes until the amount of pixels and images asso-
ciated with each class were relatively the same. To do so, we
copied and augmented the images that did not contain par-
tial thickness burns. In the training set, this corresponded
to 62 images. This resulted in extremely modest improve-
ments (which could be due to chance and natural variability
in the learning process alone). Next, we attempted to em-
ploy a weighted cross entropy loss. In our formulation, we
take the pre-softmax predictions for each pixel and weight
the corresponding class index by the ratio of the number of
pixels in the background class to the number of pixels with
that class. For example, there were 21M pixels associated
with the background class in the training set and 418K asso-
ciated with superficial burns. The weight for the superficial
prediction score was then 50. In the model, the weighting
is done by creating a 1x1 conv layer (5x5x1x1 with no bi-

ases) before the softmax. In one scenario, we fix this layer’s
weights. In another, we allow the model to learn this layer.
Both of these resulted in substantially worse results.

PA IOU
FCN - CRF .60 .37
Upsampled .57 .39

Fixed Weighted .33 .19
Learned Weighted .36 .24

Figure 14: Performance on the test set when we expand to
multiple burn depths. Fixed weighted refers to keeping the
1x1 conv layer static while learned refers to allowing this
layer to be updated.

5. Discussion
Upsampling produced a decrease in PA and a slight

increase in IOU. However, looking at the training ver-
sus test metrics, we see that it led to substantially more
overfitting for superficial, full thickness, and undebrided
burns. Looking back, this makes sense as we only upsam-
pled/augmented images that did not contain partial thick-
ness burns. Since 84% of images contained PT burns, this
means that we essentially magnified and sampled from the
tails of the natural burn image distribution and expected it
to generalize to the whole distribution, which we see does
not work (nor does it make sense from a statistical perspec-
tive). Instead, we need to find a strategy for upsampling
then augmenting those images that contain partial thickness
burns. Simply using a normal augmentation procedure on
these images does not work, as it leads to the same (or some-
times even worse) class imbalance.

Figure 15: Results on the test set when we upsampled.
Compared to Figure 11, we see even more overfitting com-
pared to no upsampling.

Our attempt to account for the class imbalance using
a weighted prediction before the softmax led to consider-
ably worse results. This too also makes sense. Consider
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this set of unnormalized probabilities for a given pixel:
[1.0,−1.5, 2.0,−.5,−10]. This represents scores for back-
ground class (not a burn), superficial, partial thickness, full
thickness, and undebrided respectively. Ideally, the weight-
ing mechanism would close the gap between superficial and
partial thickness. However, any weighting (assuming we
have positive coefficients) would cause the superficial score
to become even more negative, thus making the gap even
larger. What we should have done is weighted the normal-
ized probabilities i.e. the scores after the softmax.

Overall, we see there is clear potential for creating a sys-
tem which accurately segments burn depths, but we need to
find creative strategies to account for the significant class
imbalance.

6. Next Steps
6.1. Dataset

We need to make some modifications to the dataset.
First, we need to focus on acquiring images that contain
superficial and full thickness burns. We will likely need to
expand our Google Search curation, particularly for superfi-
cial burns, given that images coming from a medical center
are biased towards containing more severe burns. Second,
we need to develop a strategy for augmenting the images
that contain partial thickness burns instead of only augment-
ing those that do not contain them. We’ve already discussed
how only augmenting images that do not contain PT burns
is the same as magnifying the tails of the distribution, which
we do not expect to generalize well. Perhaps blacking out
the pixels associated with the PT burns and augmenting the
rest of the pixels could help here. Third, we need to add
more varied non-burnt skin images to the dataset. A good
source could be a dermatology corpus. Finally, as long as
we have humans performing the segmentation and labeling,
we will be introducing bias into the dataset. Though a sig-
nificant cost, the use of laser Doppler Imaging (or poten-
tially thermal imaging) would be the gold standard to creat-
ing an actual ground truth dataset.

6.2. Modeling

On the modeling side, we need to do proper weighted
cross entropy loss instead of the weighted loss we employed
i.e. weight the logits after the softmax and not before. We
also need to change our paradigm and assume we have in-
completely labeled data. In other words, we are no longer
in a supervised setting, but rather a semi-supervised setting.
Finally, it could be interesting to experiment with a different
network architecture, such as Mask R-CNN [K17].

6.3. Metrics

Though pixel accuracy and intersection over union are
useful from a computer science perspective, we need to

convert them into more clinically valuable metrics, such as
specificity and sensitivity. This needs to happen at both the
pixel level and the classification level. This is straight for-
ward on the pixel level, but on the classification level, a dis-
cussion needs to happen with plastic surgeons to determine
what exactly constitutes a recovered burn. Do we base it off
of IOU or PA? What threshold of these do we use? This is
the reason our results cannot directly be compared to those
in the related work section. We could give an IOU thresh-
old of .5 and use that to calculate classification metrics, thus
enabling a more direct comparison. However, this decision
should be rooted in clinical utility. Any arbitrary threshold
that we set now would cause unproductive comparisons.

6.4. EHR

Since the majority of the images come from Valley Med-
ical Center, we have access to the patient information.
Specifically, we can identify the age and race of the pa-
tient. It would be interesting to analyze how the algorithm
performs across different races considering the same burn
depth is visually different across varied skin tones. Fur-
thermore, adding in age and race could prove valuable in
increasing the predictive ability of our model.

6.5. TBSA

Given the success of discriminating between burnt skin
and the rest of the image, it seems highly likely that we can
use a similar approach to calculate total body surface area
(the percentage of the body that is burned). To do so, we’ll
first need to segment the body’s outline from the rest of the
image and then turn the algorithm into a 3 class segmenta-
tion problem: background, regular skin, and burnt skin.

7. Conclusion
In conclusion, we’ve created the world’s largest seg-

mented and labeled burn dataset. With minimal training, we
are able to accurately segment burnt skin from the rest of the
image, with clear potential to do even better. This opens the
door to performing clinically valuable calculations, such as
TBSA. Furthermore, we’ve shown that with some dataset
and modeling changes, we can extend the algorithm to seg-
menting multiple burn depths. This project brings us one
step closer to scaling expert level care to millions of burn
victims worldwide.
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